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Abstract 
With the rapid development of both marker and computer technology many attempts are 
being made to identify regions of the genome associated with variation in quantitative 
traits. These regions are named quantitative trait loci (QTLs). Identifying QTLs within 
the porcine genome is of considerable scientific and commercial interest as findings 
could lead to the cloning of genes and the improvement of livestock through marker 
assisted selection or introgression. The aims of the thesis were to investigate, by 
simulation, various aspects of the QTL mapping method and apply the methods to scan 
the porcine genome for QTLs. 
Methods of constructing confidence intervals were investigated by simulation. 
Confidence intervals were created using a non-parametric (resampling method) and 
parametric (resimulation method) bootstrap. The non-parametric bootstrap performed 
well overall and produced results close to expectation when the QTL was not at a marker 
location but confidence intervals when the QTL was at a marker location were 
conservative. The parametric method performed poorly; results varied from conservative 
confidence intervals at the location of a marker, to anti-conservative intervals midway 
between markers. The results were shown to be influenced by a bias in the mapping 
procedure and by the accumulation of type I errors at the location of markers. 
The mapping of the porcine genome was achieved using a Meishan x Large White F 2 
population. These breeds were chosen because they differed significantly for several 
traits of economic interest. Markers covered approximately 85% of the porcine genome 
and animals were measured for growth and fatness traits. Chromosomes 4, 7 and 14 had 
a genome wide significant effect on at least one trait. In all cases the single gene model 
was significantly better than the polygenic model. The effects on chromosome 4 for 
growth were in agreement with previous studies notably a similar study using wild boar 
from Sweden. Chromosome 7 had a large effect on fatness (over 6mm between breeds) 
and is of considerable interest because the Large White carries the alleles for high fat 
depth. Chromosome 14 was shown to have a significant effect on growth rate on test. 
Confidence intervals were produced by the non-parametric bootstrap and were found to 
be relatively large (in excess of 30cM) for the locations on chromosomes 4 and 14. In 
contrast the confidence intervals on chromosome 7 were smaller and corresponded to the 
major histocompatibility complex, a very gene rich region of the genome. 
Chromosome 4 data were also collected from other participating members of the PiGMaP 
consortium. The data were analysed individually and collectively. The data from all 
populations showed an effect on growth, the effect on fatness varied between 
populations. Only the French population showed evidence for an effect on birth weight. 
Confidence intervals for the position of the effects remained large, which was partly due 
to lack of uniformity in the data recorded between different populations. These analyses 
were the largest QTL studies ever achieved with livestock and demonstrate the potential 





For many years people have strived to improve both plants and animals of economic 
and nutritional importance. Traditionally this has been achieved with continued 
selection on performance traits within lines. More 'scientific' livestock breeding has 
been accelerating since the 1940s and sophisticated statistical methodology has been 
a powerful tool in animal improvement. These improvements have been achieved on 
selected traits without the knowledge of the underlying genes. Recently the tools for 
identifying genes explaining differences between individuals or populations have 
become available and have allowed genes to be mapped in humans, plants and 
animals. Genes of major effect cause qualitative differences between animals, e.g. 
coat colour genes. Qualitative traits are typically controlled by a single or few loci. 
Quantitative traits, e.g. fat depth and growth rate, are usually controlled by many 
genes of relatively small effect and the net effect of all these genes produces the 
observed phenotype. It is the location of these genes that affect quantitative traits, 
known as quantitative trait loci (QTL5), that has aroused so much interest over the 
last decade. 
The first mapping of a QTL was achieved by Payne (1918), who found that the X 
chromosome from selected lines of Drosophila contains multiple factors influencing 
scutellar bristle number. This work was followed by a number of studies, with one 
of the better known studies being that of Sax (1923), who crossed two inbred bean 
lines differing in seed pigment and weight. The work found an allele with a 
significant effect on seed weight. 
Despite these early breakthroughs in the identification of genetic markers that can be 
used to identify QTLs, it wasn't until several decades later that the application of this 
work to livestock was realised, e.g. by Neimann-Sorensen & Robertson (1961). 
Early studies often used enzyme, protein and blood group polymorphisms as genetic 
markers. These studies were often unsuccessful because of the limited number of 
markers available and the limited number of alleles available from a particular 
marker, which results in the failure to trace the allelic origin of progeny. 
This chapter outlines the progress made in QTL detection and mapping. It studies 
the development of markers enabling many more studies for QTL detection and 
outlines the basic designs of experiments used. From these designs the methods of 
analysis are compared and contrasted and the power of the experiments is examined. 
The methods used to calculate confidence intervals for QTL location are considered 
and results from pig studies are compared and collated. The thesis then investigates 
some of the methods before putting the theory into practice by examining a pig F2 
population for QTLs affecting growth and fatness. 
1.2 Genome maps 
Recent advances in the use of marker technology have provided us with a nearly 
inexhaustible amount of markers. The creation of genome maps using these markers 
has removed many of the problems that existed in the earlier studies and provided the 
mapping community with comprehensive coverage of the genome. Initially 
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restriction fragment length polymorphisms (RFLPs) were used as markers 
(Beckmann & Soller 1983) but these were rapidly superseded by the polymerase 
chain reaction (PCR) based markers such as randomly amplified polymorphic DNA 
fragments (RAPDs) and microsatellites. These were preferred because they were 
cheaper, safer, more informative and provided more markers per unit of DNA, i.e. 
appeared more frequently throughout the genome (Kearsey & Farquhar 1998). 
A more recent development is that of AFLPs which selectively amplify specific 
subsets of a restriction digest of genomic DNA (Vos et al. 1995). These markers are 
now being added to linkage maps to further the coverage of the porcine genome 
(Plastow et al. 1998). The coverage of these markers and information content is 
potentially far in excess of that provided by previously developed markers. 
The porcine genome has been the subject of three major collaborations and produced 
genome maps from European (Archibald et al. 1995), Nordic (Marklund et al. 
1996a) and American (Rohrer et al. 1996) studies. This has provided an adequate 
base on which to build mapping studies. The high density of marker coverage means 
that suitable informative markers can be found for the majority of studies at all 
locations throughout the genome. 
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1.3 Experimental designs for detecting QTLs 
When a genetic marker has a direct effect on a trait the difference between marker 
genotype means reflects the effect of the QTL. Unfortunately examples of a marker 
at the exact position of a QTL are rare and the more common situation is when a 
marker will be linked to a QTL. In these situations the marker genotype means will 
only differ if there is linkage disequilibrium between the marker and the QTL within 
the population. Consequently the probability of detecting a QTL depends upon the 
amount of linkage disequilibrium between the marker and QTL (Bovenhuis et al. 
1997). In outcross populations (typical of farm livestock pig populations) linkage 
disequilibrium is only observed if the marker and QTL are closely linked and the 
effective population size is sufficiently small (Soller 1991). 
1.3.1 Crosses between lines or breeds 
Crosses create linkage disequilibrium between a genetic marker and a QTL to enable 
the detection of a QTL. The traditional way of achieving this in plant genome 
mapping and to a lesser extent in laboratory animals was a cross between two inbred 
lines. Unfortunately for QTL mapping studies, the livestock industries do not create 
inbred lines because of the economic and practical problems such populations would 
create. Inbred lines are assumed to be fixed for alternative QTL and marker 
genotypes at positions of the genome explaining differences between the two lines. 
The reasons why crosses between inbred lines were preferred was outlined by Soller 
(1991): 
i) 	All F 1 individuals are heterozygous for both the marker and the QTL. 
W 
ii) 	There is complete linkage disequilibrium between the marker and the 
QTL in the F 1 generation. 
There are only two marker alleles or two QTL alleles at every locus in 
the population under study, each allele being at a frequency of 0.5. 
All individuals in the Fl have the same linkage phase. 
For many species of farm animals where the creation of inbred lines is not possible, 
different breeds exist that can still produce viable offspring when mated. Crosses 
between these breeds or lines with significantly different phenotypes share key 
features with inbred crosses. One example of this is the cross between the European 
wild boar and a domesticated Large White pig (Anders son et al. 1994). These breeds 
differ significantly for growth rate, fatness and intestine length and QTLs fixed 
within each breed for these traits can be identified. Other studies have used the 
Chinese Meishan pig (Rothschild et al. 1995; Geldermann et al. 1996; Janss et al. 
1997; Milan et al. 1998; Paszek et al. 1998) which is very prolific in comparison to 
commercial Western breeds but is significantly fatter and slower growing (Haley et 
al. 1992; Haley et al. 1995). Crosses using the Meishan pig would allow the 
identification of genes affecting litter size, fatness and growth, the traits for which 
the two breeds significantly differ. The Roslin PiGMaP population has been created 
from such a cross and will be analysed within the thesis. Similarly crosses have also 
been achieved with other Chinese breeds such as the Minzhu (Rothschild et al. 
1995), Chinese minipig and Erhualian (Li et al. 1998) as well as other diverse 
European breeds such as the Goettingen Minature pigs (Mikawa et al. 1998) and 
Iberian breeds (IBAP consortium 1998). Despite the variation in the breeds used for 
the crosses, they are all successful because of one common criteria, that the cross 
uses two highly divergent breeds that differ significantly for a number of traits and 
will also differ at the genotypic level. 
The production of these non-commercial crosses is both costly and time consuming 
and the availability of a suitably diverse breed or line is often restricted. For these 
reasons these types of crosses are a major undertaking and require considerable 
financial backing. The generation time in particular for sheep and cattle limit the 
establishment of such an experiment and existing outbred populations have often 
been used. 
1.3.2 Outbred populations 
Linkage disequilibrium between marker and QTL was previously demonstrated to be 
necessary in order to detect a QTL. This can be found within families within an 
outbred population because of the co-segregation of a marker and a QTL. Due to the 
structure of dairy populations, where one sire is widely used within and between 
many herds the analysis is performed within paternal half-sib families using the 
daughter or granddaughter design (Weller et al. 1990). The basic concept behind the 
daughter design is to trace marker alleles from sire to daughter and study whether 
daughters with differing alleles show significant differences in the observed traits. 
One of the drawbacks of the daughter design is the large scale genotyping of 
daughters required for such a study, which is very costly (Beckmann & Soller 1983). 
The granddaughter design was constructed to alleviate this problem and genotyping 
is only performed for sons of a proven sire. Daughters from these sons 
(granddaughters from the proven sire) are evaluated for the phenotypic quantitative 
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trait and these results are used to calculate a breeding value for each son. This 
breeding value is more accurately estimated in comparison to the single observations 
used in the daughter design, which increases the power of the experiment (Weller et 
al. 1990; Van der Beek et al. 1995) whilst substantially reducing the genotyping cost 
(Beckmann & Soller 1983). It is worth noting that the daughter and granddaughter 
design were created to find QTLs affecting milk yield in dairy cattle, a trait only 
expressed in female offspring. If a trait of interest was only expressed in male 
offspring a son and grandson design would work equally well. 
1.3.3 Differences between experimental designs 
The two different designs (inbred lines and outbred populations) present some 
important differences with respect to data analysis (Bovenhuis et al. 1997): 
Only some of the grandsires in an outbred population will be 
heterozygous for the marker and the QTL. For crosses between 
inbred lines, grandparental animals are assumed fixed for marker and 
QTL. 
Grandsires in outbred populations may have differing linkage phases 
and therefore observations cannot simply be pooled across families. 
This means marker effects need to be analysed within families. 
The QTL in outbred populations may have more than two alleles and 
these frequencies are unknown. Crosses between two inbred lines 
would assume two alleles fixed in each line, e.g. Meishan and Large 
White. 
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iv) 	The linkage phase between marker alleles is unknown a priori in 
outbred populations. 
1.4 Methods of Analysis 
Different approaches can be used to analyse data generated from a QTL study. 
Generally the data will derive from a two or three generation pedigree, whether that 
is a backcross or F 2 population, daughter or granddaughter design. The daughter and 
granddaughter designs only trace the transmission of marker alleles for one parent; 
the dam and granddam are not normally genotyped. 
1.4.1 Single marker analysis 
Variance analysis is one of the most simple and therefore one of the first methods 
used to detect QTLs. The basic idea is to contrast phenotypic scores between marker 
classes, e.g. Rothschild et al. (1995) studied the effect of marker variants on 
chromosome 7 on growth and carcass performance traits. The marker genotype 
classes are assigned an effect, which can be tested using an F-test as is common in 
analyses of variance. Significant deviations in marker variant means are expected 
only where there is linkage disequilibrium between the marker and QTL. This type 
of analysis is usually attempted with outbred populations with a daughter or 
granddaughter design or alternatively as in the case of Rothschild et al. (1995) as a 
precursor to a more complex analysis. The estimates that are obtained from this 
work are the marker substitution effect and not the effect of the QTL. This is 
because the method is unable to produce any information about the position of the 
QTL and the model does not distinguish between a tightly linked QTL with a small 
effect and a distant QTL with a large effect. A further drawback from this analysis is 
that some progeny may have the same heterozygous genotype as the sire, in the case 
of the daughter and granddaughter design. In these situations the allele of paternal 
origin cannot be determined and these animals have to be excluded from the 
experiment which results in extra cost and a drop in power. The real advantage of 
such an analysis is the simplicity, which does not make any assumptions of the 
underlying genetic model. The relatively simple calculations do not require large 
amounts of computing power in contrast to many other methods. Although this 
method could be applied to the Roslin PiGMaP population there are more suitable 
methods, which can be used to extract more information from the data. 
1.4.2 Linkage Studies 
Single marker analyses do have a number of short-comings, in particular the 
underestimation of phenotypic effect, the additional progeny required to detect a 
QTL if it does not lie at the position of a marker and the inability to distinguish 
between tight linkage with a small effect and loose linkage with a large effect 
(Lander & Botstein 1989). Due to these short-comings the single marker analyses 
were extended into the more complex interval mapping. 
1.4.2.1 Maximum Likelihood Analysis 
Lander & Botstein (1989) developed the methodology behind the mapping of 
QTLs using linkage maps using maximum likelihood. The idea uses a 
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relatively simple model of a QTL lying between two codominant flanking 
markers and is used with data from inbred line crosses. The QTL genotype of 
an individual can be estimated from the two flanking markers and the 
recombination distance between them at each position on the chromosome. 
This requires a mapping function, e.g. Haldane (1919), to calculate 
recombination frequencies from the mapping distances and markers fixed in 
the two inbred lines. Maximum likelihood is used to estimate a common 
mean and a QTL effect at each position on the chromosome given the 
genotypic and phenotypic data, i.e. the effect which maximises the likelihood 
of the observed data arising. The LOD score, defined as the log 10 of the odds 
ratio, summarises the strength of evidence in favour of a QTL with a 
particular effect at that position. If the LOD score exceeds a predetermined 
threshold the presence of a QTL is inferred. 
1.4.2.2 Regression Analysis 
Both Haley & Knott (1992) and Martinez & Curnow (1992) independently 
developed a method of mapping the location and effect of a QTL. The 
method proceeds similarly to Lander and Botstein except multiple regression 
is used to fit the fixed effects, covariates, a common mean and QTL effects at 
each position on the chromosome. The best position corresponds to the 
multiple regression with the smallest residual sum of squares. In the case 
where the position tested is the location of a marker this test becomes the 
simple variance analysis previously described. If the analysis is extended 
outside either of the two outermost markers it becomes impossible to 
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distinguish between the effect and position of the QTL because the interval 
mapping becomes identical to the single marker analyses. 
A further reduction in the computational effort required for QTL mapping by 
regression was achieved by Whittaker et al. (1996). This is attained by the 
regression of phenotype on marker-type in an F 2 or backcross population. 
The regression provides the same information about location and effect of 
QTLs as the Haley & Knott (1992) method, but requires substantially fewer 
multiple regression calculations particularly on large, sparse marker maps. 
The regression analysis can also be applied to crosses between outbred lines 
(Haley et al. 1994) which are more problematic because both markers and 
QTLs may be segregating within lines. The method uses a simple extension 
of the Haley & Knott (1992) method. The QTL genotype is derived at each 
position by the conditional probabilities for the line origin combinations. The 
method proceeds similarly to Haley & Knott (1992) regressing the 
phenotypic values onto these coefficients. The benefit of this method is the 
calculation of the additive and dominance components of the QTL 
conditional upon multiple markers in a linkage group. This increases the 
sensitivity of the test statistic, and thus the power for the detection of QTLs in 
comparison to single markers or flanking markers. 
It is the regression analysis applied to outbred lines (Haley et al. 1994) that is 
most relevant to pig F 2 populations such as the Roslin PiGMaP population. 
The advantage of the multiple regression method is that it is far less 
computationally demanding in contrast to the maximum likelihood methods 
and produces very similar results (Haley & Knott 1992). The regression 
model can be easily extended to include more complex models such as other 
QTLs on the same or other chromosomes (Zeng 1994; Jansen & Stam 1994). 
1.4.3 Mixed inheritance analysis 
A simple extension from the single marker analysis is to include the other genetic 
effects unlinked to the QTL. The inclusion of the additional genetic effects creates a 
mixed inheritance model. These models are generally used for segregation analysis 
to identify major genes from only phenotypic observations. Hoeschele (1994) 
demonstrated that the mixed inheritance method of analysis could be used for QTL 
analysis (obtaining estimates of position as well as an effect) when information is 
included on genetic markers. However, obtaining solutions from more complex 
pedigrees in outbred populations can be very difficult (Knott et al. 1992). This is the 
more common situation in livestock populations and the difficulty of the method 
means that many studies cannot be analysed using this model. 
Work by Janss et al. (1995) with Gibbs sampling methods showed that the 
application of Bayesian statistics could create solutions for mixed inheritance models 
used for segregation analysis. The production of a posterior distribution of the 
parameter estimates does provide more information than point values alone, which 
gives more information on the accuracy of the estimates. The method is however, 
computationally demanding and more recent applications of the method (Janss et al. 
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1997) have produced results unconfirmed in subsequent analyses (de Koning et al. 
1998). 
1.5 Power 
Due to the interest from both industry and researchers in QTL detection, the 'power' 
of an experiment is often investigated to try and maximise the chances of detecting 
QTLs of interest. The power will be affected by several different factors, one being 
the number of individuals genotyped for the genetic markers and phenotyped for the 
traits to be analysed. The threshold set for the experiment will affect the power but 
setting a threshold too low to increase the power does increase the type I error rate 
(see section 1.6). The size of the QTL, marker coverage along the chromosome and 
the experimental design all affect the power of an experiment. 
1.5.1 Inbred lines 
Soller et al. (1976) computed the required number of offspring to obtain a given 
power for the backcross and F2 designs based on a t-test, considering only 
homozygotes in the F 2 populations. This was computed by: 
= 2(Za +zj 
(,)2 
Where: 	n is the number of offspring per marker class. 
Za and Zfl are the standard normal distribution values for a type I and 
type II errors of a and f3 respectively. 
ô is the expected contrast between marker groups. 
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a is the residual standard deviation. 
The effect of the QTL and the proportion of recombination between the marker and 
the QTL, on the sample size to achieve a given power, was shown to be quadratic 
(Weller et al. 1997, Chapter 4). Hence a QTL of half the effect requires a four-fold 
increase of individuals to obtain the same power. In backcross or F2 populations the 
magnitude of the estimated effect decreases proportional to 1 -2r as compared to 
complete linkage (Weller et al. 1997) where r is the recombination frequency 
between markers. For the F2 populations power can also be estimated by ANOVA 
including all three genotypes. Power including the heterozygotes will be greater if 
Ial>a12  (Soller et al. 1976) where d and a are the dominance and additive effects 
respectively. 
If r is the recombination frequency between markers then the proportion of 
recombinants in the F2 and backcross populations are 2r-r2and r respectively. The 
power is therefore reduced by factors of 2r-r2 and r for an F2 or backcross population 
respectively, compared to complete linkage when using flanking markers (Weller et 
al. 1997). The benefit of interval mapping over single marker analysis is larger when 
using large, sparse interval maps. The advantage of interval mapping is optimised 
when a QTL lies midway between two markers, in comparison, when a QTL is 
located at the position of a marker interval mapping is indistinguishable from single 
marker analyses. Darvasi et al. (1993) compared power for single marker t-test to a 
likelihood ratio test with flanking markers. The work demonstrated the maximum 
difference between the two methods was when the marker interval was wide and the 
15 
QTL was located in the middle of the interval. When markers were 50cM apart, the 
difference in power never exceeded 8%. 
1.5.2 Segregating populations 
Soller & Genizi (1978) estimated power for the daughter design assuming a nested 
ANOVA analysis and Weller etal. (1990) estimated the power using a Z test. When 
the sample size was large the results were nearly identical as F approaches a 
distribution. Power is maximised when the frequency of the two alleles are equal, 
but for a codominant allele the frequency affects power only through expected 
frequency of heterozygous sires, which is close to 0.5 when allele frequencies vary 
between 0.3 to 0.7. 
For the granddaughter design the power is increased with each animal that is 
genotyped because many phenotypes are recorded to create an accurate estimate for 
the genotyped sire. Increasing granddaughters reduces only the residual variance, 
but not the between son variance and therefore the advantage of the granddaughter 
design is largest for low heritability traits. A number of conclusions were given by 
Weller et al. (1997) from the daughter and granddaughter design power tables: 
For a given number of animals genotyped, power is generally higher in both 
designs, if fewer large families are used compared to many small families. 
For an effect with heritability of 0.2, equal power can be achieved in the 
granddaughter design with a four-fold reduction in genotyping compared to 
the daughter design. 
iii) 	Power for the granddaughter design decreases with an increase in heritability 
for a set substitution effect (measured in phenotypic standard deviations). 
iv) 
	
	Increasing the number of granddaughters per son above 50 has only a 
marginal effect on the power. 
1.6 Thresholds 
A problem common to all methods of mapping QTLs is the difficulty of setting a 
suitable significance threshold against which to compare the test statistic i.e. LOD 
scores of likelihood ratios. A threshold is required to reduce type I errors (declaring 
a QTL when no QTL is present) but has to be suitable to avoid type II errors (failing 
to find a QTL which is present). This has motivated many simulation-based 
investigations with analytical approximations (Feingold et al. 1993; Rebai et al. 
1994) as well as empirical methods (Churchill & Doerge 1994). 
Lander & Botstein (1989) use the asymptotic distribution of the test statistic (in their 
case a LOD score) based on an saturated marker map to calculate the threshold t for 
the significance level a from the equation: 
a (l+2Lt) 2 (t) 
Where x2(t) is the inverse cumulative distribution function of a x2  with one degree of 
freedom and L is the length of the chromosome in Morgans. When the distribution 
of the trait differs from normality or sample sizes are small the assumptions based on 
the asymptotic distribution may not be appropriate. 
17 
Both Feingold et al. (1993) and Rebai et al. (1994) derived formula for the 
calculation of thresholds. Both studies used Gaussian-process models but again 
based the approximations on the asymptotic distributional properties of the stochastic 
process generated by performing the interval mapping test at each position. Where 
these assumptions are not valid an empirical approach should be considered. 
The most common empirical approach that is used in QTL mapping is that developed 
by Churchill & Doerge (1994). The method samples the distribution of the test 
statistic, under the null hypothesis of no QTL, by permuting the phenotypic data 
whilst fixing the genotypic data. This shuffling of the phenotypes destroys any 
potential relationship between the genotype and phenotype that is caused by a QTL. 
Each 'new' data set is analysed and the process repeated many times to create a 
suitable distribution of the test statistic under the null hypothesis of no QTL. This 
permutation method has one large advantage in that it is distribution free, therefore 
does not depend on a specific model and is not limited by experimental design. 
Doerge & Rebai (1996) compared all four methods under a number of varying 
conditions (population size, chromosome length, marker density and distribution of 
the trait). They found that even with skewed data the analytical approximations 
behave reasonably well with Rebai et al. (1994) most suitable for intermediate 
density maps (a marker every 10cM or more) and Lander & Botstein (1989) and 
Feingold et al. (1993) more suitable for high density maps (markers less than 10cM 
apart). By definition, the method of Churchill & Doerge (1994) created the correct 
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threshold and was the result to which the other methods were compared. When 
methods differed from the empirical values they did at least provide stringent 
thresholds, i.e. the estimated thresholds were higher than the true threshold of 
Churchill & Doerge (1994). 
Although much research has been dedicated to create suitable thresholds for QTL 
mapping the significance level at which to set these thresholds does remain a well-
debated issue. This problem was addressed by Lander & Kruglyak (1995) who 
proposed a classification based on the number of times that one would expect to see a 
result at random in a dense, complete genome scan: 
Suggestive linkage: statistical evidence that would be expected to occur one 
time at random in a genome scan. 
Significant linkage: statistical evidence expected to occur 0.05 times in a 
genome scan (that is, with probability 5%). 
Highly significant linkage: statistical evidence expected to occur 0.001 
times in a genome scan. 
Confirmed linkage: significant linkage from one or a combination of initial 
studies that has subsequently been confirmed in a further sample, preferably by an 
independent group of investigators. For confirmation a nominal P value of 0.01 
should be required. 
Typically the significant linkage threshold is used in studies repeated in the literature, 
but as Lander & Kruglyak (1995) mention, results with suggestive linkage are worth 
reporting providing a suitable note is made regarding their tentative nature. 
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For the PiGMaP data the Churchill and Doerge (1994) permutation analysis will be 
used to set thresholds because of the simplicity and robustness of the method. 
Previous pig studies have used simulations of the data (Andersson et al. 1994) and 
the Churchill and Doerge (1994) permutation analysis, e.g. Knott et al. 1998, both 
methods producing similar results. 
1.7 Confidence Intervals 
In the mapping of QTLs it is valuable to have some idea about how accurately a 
locus is mapped. The precise location of a QTL cannot be determined although can 
be estimated more accurately in ideal situations, e.g. a QTL of large effect or dense 
marker maps. Imprecise location estimates cause problems for molecular biologists 
who require the exact location for positional cloning and breeders who wish to 
incorporate genes through gene introgression programmes. Breeders usually aim to 
include a favourable gene from a lower scoring line and would ideally only 
incorporate the favourable gene on a minimal section of donor chromosome. To 
partially elude these problems it is common to give confidence intervals stating the 
probability (P) that an interval on the chromosome contains the QTL. Most 
commonly 90 and 95% confidence intervals are stated since values below this do not 
give enough reliability to those wishing to use this information. 
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Methods of calculating confidence intervals vary. The suggestion of Lander & 
Botstein (1989) was a one-LOD support interval (defined by the points on the genetic 
map at which the likelihood ratio has fallen by a factor of 10 from the maximum). 
Van Ooijen (1992), by studying support intervals for four different values of LOD 
drop, showed that a 95% confidence interval could require up to a two LOD drop for 
the simulated situations tested (Population size = 200 or 400, heritability of QTL = 
5% or 10%, backcross and F2 populations considered). The size of the LOD drop to 
produce the confidence interval varied with different parameter settings, and the size 
of confidence intervals produced by the two LOD drop were, in the view of Van 
Ooijen (1992), large and variable. 
Mangin et al. (1994) showed the 90 and 95% confidence intervals calculated by a 
one LOD drop to be biased when the QTL effect was small. Bias was downward, i.e. 
the proportion of intervals containing the QTL location at the 90% level was less 
then 90%. Mangin et al. (1994) also derived a complex formula for calculating 
confidence intervals, assuming normality of residuals. 
Visscher et al. (1996) suggest a non-parametric bootstrap method (Efron, 1982, 
chapter 10) applied to QTL mapping and compared it with the LOD drop method. 
The method performed well in comparison to the LOD drop, but generally the 
estimates were slightly conservative, i.e. the 90% confidence interval contained over 
90% of the QTL, particularly for smaller QTL effects. Confidence intervals 
produced by the method were larger than those produced by the one LOD drop, with 
21 
intervals under 20cM in length produced only when population size and QTL effect 
were high. 
Confidence intervals are potentially invaluable for refining searches for useful effects 
in the porcine genome, e.g. high growth rate, low backfat depth, high litter size e.t.c. 
Due to the importance of confidence intervals it is imperative that they are accurate, 
i.e. a 95% confidence interval contains the QTL 95% of the time. Inaccurate 
confidence intervals could result in time and money being wasted searching areas of 
the genome with no affect on quantitative traits or ultimately the loss of an effect by 
selecting the wrong region of a chromosome. As confidence intervals are a vital part 
to QTL mapping and gene location several methods, particularly the bootstrap which 
is relatively new to QTL mapping, will be investigated before being used on the 
Roslin PiGMaP data. 
Other previous pig QTL studies have used various different methods to construct 
confidence intervals. Andersson et al. (1994) used a one and two LOD drop to 
construct confidence intervals for fat, growth and intestine length. The subsequent 
analysis of this work (Knott et al. 1998) used five hundred bootstrap resamples to 
construct 95% confidence intervals. Remarkably many studies do not publish 
confidence intervals for their findings and the potential methods rather than the 
application to experimental data dominate the literature. 
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1.8 Pig QTLs for growth and fatness 
The first successful large QTL analysis of the porcine genome was conducted on a 
wild boar x Large White F 2 family (Andersson et al. 1994). The study found the 
largest effects on chromosome 4 explaining 17.6 and 18.7% of the F 2 phenotypic 
variance for abdominal fat percentage and average back fat depth respectively. 
Effects explaining 11-12% of the F2 variance were also detected for growth to 70kg 
and the length of the small intestine on chromosome 4. An additional effect on 
chromosome 13 was also detected affecting growth to 3 0kg. 
This study has been confirmed by subsequent work by Knott et al. (1998), which 
also found evidence for an effect on growth rate between 30 and 70kg positioned on 
chromosome 10. From the F2 population two sows and two boars were backcrossed 
to the Large White line and produced results and effects on chromosome 4 in close 
agreement with the previous studies (Marklund et al. 1996b; Marklund et al. 1998; 
Nystrom et al. 1998). The population has also been analysed for carcass and meat 
quality traits (Andersson-Eklund et al. 1998). Effects were detected for carcass 
length on chromosome 8, meat and bone in ham and back on chromosomes 2 and 4 
and longissimus muscle area on chromosome 3. No QTLs were found for meat 
quality traits but the average proportion of wild boar alleles across the genome had 
highly significant effects on reflectance and drip loss. Effects on chromosome 4 
have been observed from other independent studies (Kuryl et al. 1996; Milan et al. 
1998; Moser et al. 1998). 
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The results from chromosome 13 do have some support from a candidate gene 
analysis associating PIT] with backfat and birth weight (Yu et al. 1995). The 
position of PIT] is in the centre of the QTL peak discovered by Andersson et al 
(1994). The pig major histocompatibility complex (MHC) is located in the central 
region of chromosome 7 (Rabin et al. 1985) and has been the subject of several 
association studies (Kristensen et al. 1982; Rothschild et al. 1986, 1987, 1990; Jung 
et al. 1989). These studies found significant associations with several traits 
including birth and weaning weight, growth and backfat. A candidate gene analysis 
involving ANPEP, mapping to the same region, also revealed an association with 
growth rate (Neilsen et al. 1996). More recently, QTL scans have identified QTL for 
growth and fatness traits on chromosome 7 (Rothschild et al. 1995; Bidanel et al 
1996; Wang et al. 1997; Milan et al. 1998; Moser et al. 1998; Rohrer & Keele 
1998a; Rohrer & Keele 1998b). Interestingly a number of studies have indicated that 
the favourable alleles (high growth, low fat) are of Meishan origin (Bidanel et al. 
1996; Moser et al. 1998; Rohrer & Keele 1998a; Rohrer & Keele 1998b). 
Several other studies have reported associations on other chromosomes, these include 
chromosome 1 (Paszek et al. 1998; Moser et al. 1998; Rohrer & Keele 1998a; 
Rohrer & Keele 1998b), chromosome 3 (Casas-Carrillo et al. 1997a), chromsomes 6 
and 8 (Wilkie et al. 1996), chromosome 14 (Bidanel et al. 1996) and the X 
chromosome (Rohrer & Keele 1998a; Rohrer & Keele 1998b). Additionally 
Geldermann et al. (1996) and Moser et al. (1998) reported effects on chromosome 6 
but these are most likely associated with RYR] (Fujii et al. 1991) responsible for 
pale, soft and exudative (PSE) pork. 
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Several QTL scans or candidate genes studies have used growth hormone variants 
(Gil) located on chromosome 12 to test linkage to performance traits (Nielsen et al. 
1995; Casas-Carrillo et al. 1997b; Knorr et al. 1997). These results were not in good 
agreement and the role of GH variants on performance traits is still debatable. 
Casas-Carrillo et al. (1997b) also studied the effect of insulin-like growth factor-i 
(JGF-1) genotypes on performance and found significant effects for growth. Other 
candidate gene association studies have reported linkage between the heart fatty acid-
binding protein (H-FABP) and the myogenin genes with average daily gain (te Pas et 
al. 1996; Gerbens etal. 1997). 
1.9 Discussion 
Although the knowledge and methods for mapping QTLs have been available for a 
long time early attempts were clearly restricted by the lack of computing capacity 
available or the shortage of suitable markers. With the rapid improvement of 
computer and marker technology these problems have now been largely overcome. 
The populations used to detect QTLs are typically crosses between lines or breeds or 
alternatively analyses are done within an outbred population. The detection method 
used depends mainly on the cost and population structure for the species however 
this has to be balanced with the power of the experiment. Undoubtedly the more 
successful designs have been the crosses between diverse breeds and lines to form F2 
populations. The practicalities of the breed and line crosses render the process 
expensive, time consuming and can be thwarted by the lack or difficulty in finding 
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suitable breeds or lines e.g. importing Chinese Meishan pigs. Despite these 
problems, crosses between breeds of livestock have been achieved in pigs, poultry, 
cattle and sheep. The results from such studies are far more extensive than those 
from outbred populations where conclusions are often limited. 
Crosses are generally analysed using variance analysis or interval mapping 
(regression or maximum likelihood). Interval mapping gives near identical results 
using regression or maximum likelihood methods and uses more information than the 
variance analysis, which is usually applied to study single marker associations. 
Several different methods are available to detect QTLs in outbred populations and 
the best alternative depends largely on the population structure available for analysis. 
These methods are generally more computationally complex and the results are often 
limited, e.g. unable to distinguish between QTL effect and position. 
The power of an experiment increases with increasing population size, QTL effect or 
marker density or with a decreasing threshold, however the latter increases the 
number of false positive results (type I errors). The power of an experiment using 
outbred populations depends largely on the population structure but the 
granddaughter design is generally more powerful than the daughter design. Both 
designs are more powerful when a small number of large families are used compared 
to the same number of individuals in many small families. 
Many methods for calculating thresholds and confidence intervals rely on 
assumptions about the distribution of the test statistic. For this reason, distribution 
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free methods are the most reliable to create thresholds and confidence intervals, the 
two most commonly used methods are the permutation test and bootstrapping 
respectively. The level at which to set the threshold or correct confidence interval to 
report still remains a debatable topic. Thresholds used are typically those showing 
'significant linkage' (statistical evidence expected to occur 0.05 times in a genome 
scan). Despite this, 'suggestive linkage' (one significant result per genome scan) is 
commonly reported and although does not provide conclusive proof of the existence 
of a QTL, at least aids other studies. The 90 or 95% confidence intervals are most 
commonly used, because studies investing time and money into detecting QTLs do 
not wish to lose their findings by anti-conservative estimates of location. 
The bootstrap method is still relatively new to QTL mapping and has not been 
widely tested. As this is the case the bootstrap method will be thoroughly tested at 
the start of the thesis to establish its suitability to QTL mapping. If the bootstrap 
method performs satisfactorily then this will be used with the PiGMaP data to create 
confidence intervals for any QTLs found in the scan of the porcine genome. 
Since the development of suitable methods and markers several studies have 
attempted to find QTLs. With continued academic and practical interest within this 
area, studies will continue attempting to confirm and add precision to existing 
findings or discover new QTLs. This thesis attempts to add to the literature and 
current knowledge of the porcine genome by conducting a genome scan for growth 
and fatness traits. This will use the Roslin Large White x Meishan F 2 population 
with data collected from performance testing and ultrasound scanning on farm. It is 
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intended that the findings of the genome search will identify regions that have 
potential use to both academic and industrial personnel. 
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Chapter 2 
A comparison of bootstrap methods in QTL Mapping 
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2.1 Introduction 
In the mapping of quantitative trait loci (QTLs) it is valuable to have some idea 
about how accurately a locus is mapped. For example, molecular biologists require 
a precise estimate of location for positional cloning and breeders who may wish to 
incorporate genes need to know the optimum length of chromosome to introgress. 
This is of vital importance for pig breeders as genes that are introgressed are 
typically from inferior lines and therefore the maximum amount of the superior 
genome would want to be maintained whilst reaping the benefits of the introgressed 
gene. In recognition of this problem it is common to give confidence intervals (CIs) 
stating the probability (P) that an interval on the chromosome contains the QTL. It 
is of fundamental and economic importance to those wishing to use this information 
that the true probability an interval contains a QTL is close to the probability stated, 
i.e. a 90% confidence interval should contain a QTL in 90% of all cases. 
Methods of calculating confidence intervals vary, Lander and Botstein (1989) 
suggest using a one-LOD support interval defined by the points on the genetic map 
at which the likelihood ratio has fallen by a factor of 10 from the maximum. This 
was to give an approximate location of the QTL rather than a definite P% 
confidence interval. 
Van Ooijen (1992), by studying support intervals for four different LOD levels, 
showed that a 95% confidence interval could be constructed by using a two LOD 
drop for the simulated situations. The simulations tested population sizes of 200 and 
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400, heritability of QTL was 5 or 10% in a backcross and F2 population. The size of 
the LOD drop to produce the desired confidence interval varied with different 
parameter settings. QTL5 of heritability 1% were not tested as Paterson et al. (1991) 
had previously shown that only QTLs explaining at least 4% of the variance had a 
reasonable chance of been detected. The size of confidence intervals produced by 
the two LOD drop were, in the view of Van Ooijen, too large and variable. It was 
suggested that more suitable sized intervals for the molecular biologist would be 
obtained from support intervals of LOD level 0.5 or 1 but do not enclose the QTL 
sufficiently often. This suggests that Van Ooijen considers a suitable confidence 
interval for the molecular biologist to be less than 20cM. 
Darvasi et al. (1993) studied variation in QTL mapping by simulating replicates 
from set parameters. Increasing population size and effect of QTL provided 
comparable reductions in the variation, but this same trend was not seen when 
decreasing marker spacing. Moreover, narrowing the marker spacing beyond 10 or 
20cM did not provide additional gains regardless of other parameters. Confidence 
intervals for map location were rather broad and in some cases covered the entire 
chromosome but this was only seen when the QTL effect was small (h 2 1 .5%). 
When the QTL was sufficiently large (h 2 6%) and population size high (1000) the 
confidence interval was as small as 11cM. Nothing is said regarding the accuracy of 
such a method i.e. whether a 95% confidence interval does contain the QTL 95% of 
the time, when the experiment is repeated a large number of times. Without this 
knowledge it is not a suitable method for constructing confidence intervals. 
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Mangin et al. (1994) showed the 90 and 95% confidence intervals to be biased when 
the QTL effect was small because the likelihood ratio test does not follow the 
assumed x2  distribution and departures from the distribution are largest for small 
QTL effects. Bias was downward i.e. the proportion of 90% confidence intervals 
containing the true QTL location was less then 90%. Mangin et al. (1994) also 
derived a complex formula for calculating confidence intervals, assuming normality 
of residuals. Visscher etal. (1996) highlighted that experimental populations are not 
large (typically 100-500) and the distribution may not be normal, hence such a 
formula will only be relevant in few cases. 
Visscher et. al. (1996) suggest a non-parametric bootstrap method (Efron 1979, 
1982) applied to QTL mapping and compared it with the LOD drop method. The 
method performed well in comparison to the LOD drop but generally the estimates 
were conservative i.e. the 90% confidence interval contained >90% of the replicates, 
particularly for smaller QTL effects. Confidence intervals from the method were 
larger than those produced by a one LOD drop with intervals under 20cM in length 
only produced when population size and QTL effect were high. 
Several questions regarding the creation of confidence intervals remain unanswered. 
The LOD drop method does not give a clear x% confidence interval but a support 
interval which, has a varying probability of containing the QTL depending on other 
parameters e.g. population size, size of QTL. The non-parametric bootstrap does 
seem suitable although slightly conservative. However, many QTL mapping 
populations use more complex pedigrees than the standard backcross or F 2 
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populations mentioned by Visscher et al. (1996). In these more complex pedigrees 
it is unclear how the non-parametric bootstrap is performed without dissolving the 
population structure. Would an alternative method or variation of current methods 
provide more suitable techniques and results? 
Visscher et al. (1996) mention that there are many possible bootstrap strategies, of 
which the non-parametric bootstrap is only one. There are also no fixed guidelines 
on how to perform bootstrapping under linear models. This gives many options to 
address the problems of creating confidence intervals and developing the bootstrap 
method(s) to create a suitable process for their calculation. 
We investigated a parametric bootstrap method (Efron, 1982, chapter 5) to 
determine approximate confidence intervals for the position of QTL and study the 
performance of the non-parametric bootstrap method in more detail. The parametric 
bootstrap has a large advantage over the non-parametric method, in that, it can be 
applied to any population because the resimulations can simply mimic the original 
data structure. The aims of the study were to test, by simulation, how well the 
parametric bootstrap method works in QTL mapping experiments with experimental 
populations and to compare the method with the non-parametric bootstrap proposed 
by Visscher et al. (1996). In particular we are interested in the accuracy of the two 
methods, that is, whether the QTL appears in the 90 or 95% confidence interval in 
90 or 95%, respectively, of the replicates. A secondary consideration is the size of 
the 90 and 95% confidence intervals, which ideally would be small. 
33 
2.2 Materials and Methods 
2.2.1 Simulation 
Data for N individuals (N=200 or 500) from a backcross population derived from 
two inbred lines were simulated. Each individual was assigned a single 
chromosome of length 100cM with m evenly spaced markers (m=6 or 11) 
corresponding to a marker spacing of AcM (A=10 or 20). The chromosomes 
contained a single QTL with an additive effect such that heritabilities of 1, 5 and 
10% were obtained in the backcross population. The position of the QTL (a) was at 
45 or 85 cM from one end of the chromosome in the initial analyses, then at all 
locations between 0 and 50 inclusive in the subsequent work. Haldane's mapping 
function (Haldane, 1919) was used throughout. 
2.2.2 Model 
Data were analysed with the Whittaker regression method (Whittaker et al., 1996). 
The method performs a multiple regression of phenotypes on pairs of flanking 
markers and transforms the estimated effects of the two markers, in each regression, 
to estimates of the QTL effect and its location. This method is preferred to the 
regression method of Haley and Knott (1992) because of the speed of calculation, 
but produces equivalent results. Only a single QTL was fitted in the analyses. 
2.2.3 Non-parametric bootstrap 
Sampling, with replacement, N individual observations (a single individual's 
genotype and phenotype maintained together) from a population of size N, generated 
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non-parametric bootstrap samples (Visscher et. al., 1996). Each sample was 
analysed and the best estimate of the position of the QTL recorded. After R 
bootstrap samples (where R is the number of 'new' resampled populations and hence 
the number of estimates of QTL position) the empirical central 90 and 95% 
confidence intervals of the QTL position were determined. This was achieved by 
ordering the R estimates and taking the top and bottom 5th and 2.5th percentile, 
respectively. 
2.2.4 Parametric bootstrap 
The parametric bootstrap uses a Monte-Carlo simulation method with original 
parameter estimates. Samples were generated by analysing the data from a 
population of size N, recording the estimates of parameters for the best position of 
the QTL, mean, standard deviation and QTL effect. This information was used to 
create two normal distributions of individuals with these parameters (one 
distribution with QTL and one without). N individuals were randomly assigned a 
marker genotype; phenotypes were drawn from one of the distributions conditional 
upon the marker genotype of the individual. This generates a parametric bootstrap 
sample. Each 'new' population was analysed and the best estimated position 
recorded. After R parametric bootstrap samples the empirical central 90 and 95% 
confidence intervals were calculated as described previously. For each parameter 
set, there were R resimulated populations after the initial analysis for each of the 
1,000 replicates and therefore 1000(R+1) QTL mapping analyses were done. 
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The difference between the two methods is that the non-parametric method samples 
from the original data, the parametric method samples from the distributions inferred 
from the analysis of the data. 
2.3 Results 
The results for the initial analyses for the non-parametric and parametric bootstraps 
are shown in Table 2.1. Analyses of the non-parametric bootstrap have been 
previously published with these population parameters (Visscher et al., 1996). Our 
results are in close agreement with this work. 
2.3.1 Number of bootstrap samples 
Changing the number of bootstrap samples had very little effect on the results. No 
significant changes in either confidence intervals or probabilities occurred when R 
varied from 100 to 1000 (results not shown). For all subsequent analyses R=200 to 
allow a direct comparison between the results of Visscher et al. (1996) and the 
results for the parametric bootstrap. Although this is suitable for simulation studies 
because of the large numbers of replicates, real data analysis would preferably use a 
larger number of bootstrap samples (Efron and Tibshirani, 1993). 
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Table 2.1 Effect of marker spacing, heritability and population size on confidence 
intervals for various different bootstrap methods 
N 	i d h2 
Non-Parametric Bootstrap 
C190' 	P90t 	C195 	P95 C190 
Parametric Bootstrap 
P90 	C195 	P95 
200 	10 45 0.01 84 0.99 92 0.99 84 0.97 93 0.99 
0.05 57 0.94 69 0.97 50 0.91 66 0.97 
0.1 37 0.92 47 0.96 27 0.87 40 0.96 
85 0.01 86 0.91 93 0.97 86 0.90 94 0.97 
0.05 61 0.91 74 0.96 52 0.90 68 0.95 
0.1 36 0.91 47 0.96 26 0.87 37 0,95 
20 45  001 87 0.98 94 0.99 87 0.98 94 0.99 
0.05 59 0.94 71 0.98 53 0.94 69 0.98 
0.1 37 0.91 47 0.95 32 0.94 43 0.97 
85 0.01 88 0.91 94 0.96 87 0.92 94 0.97 
0.05 64 0.89 75 0.94 54 0.94 69 0.98 
0.1 38 0.90 50 0.95 30 0.94 41 0.97 
500 	10 45 0.01 75 0.97 85 1.00 70 0.95 84 0.98 
0.05 33 0.92 42 0.97 22 0.85 32 0.93 
0.1 16 0.89 21 0.94 12 0.79 15 0.86 
85 0.01 78 0.92 87 0.97 72 0.89 85 0.95 
0.05 32 0.92 42 0.96 21 0.85 31 0.94 
0.1 15 0.89 20 0.95 12 0.81 15 0.88 
20 45  001 78 0.97 88 0.99 73 0.95 86 0.98 
0.05 32 0.91 42 0.96 27 0.91 36 0.95 
0.1 18 0.89 22 0.94 16 0.88 20 0.97 
85 0.01 82 0.91 90 0.96 74 0.93 86 0.96 
0.05 31 0.88 41 0.94 25 0.93 33 0.96 
0.1 16 0.89 20 0.93 15 0.88 19 0.96 
Clx is the mean width of the x% confidence interval (in cM) 
Px is the proportion of the x% confidence intervals that contain the QTL 
2.3.2 Population size 
Comparing top and bottom halves of Table 2.1 illustrates that increasing population 
size creates smaller confidence intervals. When N=500 and A=10; the intervals were 
anti-conservative when the heritability is high for the non-parametric bootstrap, i.e. 
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the proportion of 90% confidence intervals containing the simulated QTL was under 
0.9. The differences in confidence interval size with population size are consistent 
with other studies (Van Ooijen, 1992; Darvasi etal., 1993). 
2.3.3 Heritability 
Increasing the heritability of the QTL produced smaller intervals. The probability of 
detecting the simulated QTL when h2 0.0 1 was low and the number of type I errors 
was therefore high. A type I error does not detect the simulated QTL but still 
declares the estimated position of a QTL at a point on the chromosome. In these 
cases the confidence interval was chiefly created by type I errors and hence the 
interval, by chance, was large and more likely to cover central regions of the 
chromosome. This explained the higher probabilities for d=45 compared to d=85 
when h2=0.01 and is in agreement with the findings of Paterson etal. (1991). 
2.3.4 Parametric versus non-parametric bootstrap 
The parametric bootstrap produced smaller intervals in comparison to the non-
parametric equivalent when heritabilities exceed 0.05. However these intervals were 
anti-conservative when N=500, for the parametric bootstrap. When the heritability 
was 0.01 the two methods produced similar results. 
2.3.5 QTL position 
From Table 1 it would appear that the parametric bootstrap produced consistent 
results independent of the position of the QTL on the chromosome. This was the 
same conclusion as Visscher et al. (1996) derived for the non-parametric bootstrap, 
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but this preliminary study and the work of Visscher et al. both simulated only two 
QTL positions on a 100cM chromosome. 
2.3.6 Marker spacing 
Table 2.1 shows denser marker maps create slightly narrower confidence intervals. 
Results for the parametric bootstrap show that when N=500 and A= 10, confidence 
intervals were anti-conservative. When N500 and A=20 the 90 and 95% 
confidence intervals contained the simulated QTL in approximately 90 and 95% of 
all replicates respectively. From this it would appear for population sizes of 500, 
that denser maps contributed to anti-conservative results. This result is surprising 
because additional marker information would not be expected to produce less 
accurate results. 
By studying only two positions (45 and 85cM), the initial study failed to fully 
examine the effect of position of the QTL on the chromosome and position within 
the interval upon the accuracy of the confidence intervals created. The results for a 
QTL at locations 0-50cM for the two marker map densities allow these two 
situations to be investigated. The chromosome is assumed to show symmetrical 
results around the mid-point, hence, to reduce running time of computer simulations, 
locations 0-50cM were investigated. 
The non-parametric bootstrap performed reasonably well in most cases, i.e. the 90% 
confidence interval generally included the QTL 90% of the time. A bias occurred 
when the QTL was simulated at the same position as a marker (Figure 2.1). At these 
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locations the confidence interval was conservative, e.g. in Figure 2. 1, the probability 
the 90% confidence interval contained the QTL at 0, 10 and 20cM was 0.942, 0.964 
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Figure 2.1 N-500, h2=O.1, z110. The probability a confidence interval contains a 
Q TL at different simulated locations on a chromosome using the non-parametric 
bootstrap 
The parametric bootstrap performed substantially worse than the non-parametric 
equivalent. Figure 2.2 illustrates the pattern seen as the QTL is placed at different 
locations along the chromosome. Large waves were produced peaking at the 
position of the markers and reaching a minimum midway between markers. At 
marker positions the parametric bootstrap was more conservative than the non-
parametric and at intermediate positions it was substantially anti-conservative. 
Decreasing the number of markers increased the wavelength and decreasing the 
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Figure 2.2 N=500, h2 =O. 1, zl=]O. The probability a confidence interval contains a 
QTL at different simulated positions on a 100cM chromosome using the parametric 
bootstrap 
The sizes of the confidence intervals produced by the two methods, over the length 
of the chromosome, are shown in Figure 2.3. The parametric bootstrap produced 
smaller interval than the non-parametric method. Confidence intervals were larger 
when the QTL was simulated equidistant between two markers and therefore the 
maximum distance away from either marker. Conversely, the smallest intervals 
were when the QTL and marker were placed at the same location. It is evident that 
the end of the chromosome caused a truncation of the confidence interval, for when 
the QTL was simulated at 0-10cM the confidence interval was smaller than the 
equivalent positions in other intervals. The non-parametric bootstrap showed 
greater variation in the size of confidence interval. Intervals differed by 
approximately 6cM when comparing the size of interval when the QTL was on the 
marker with the size of interval produced when the QTL was equidistant between 
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two markers. The same comparison with the parametric bootstrap showed a 
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Figure 2.3 N=500, h2 =0. 1, /1=10. The size of C190 at different simulated positions 
on the chromosome 
2.4 Discussion 
The results clearly show that larger populations produce smaller confidence intervals 
without affecting the accuracy of the confidence interval i.e. a 90% confidence 
interval still contains the QTL in 90% of the replicates. Although increasing the 
marker density decreased confidence intervals the reduction in length was small 
compared to what could be achieved by increasing population size. In practice the 
additional cost of genotyping more markers within the population would be better 
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spent on increasing the population size and genotyping more individuals for fewer 
markers. 
The parametric bootstrap is unsuitable for use with experimental data because of the 
variation with QTL position in the probability of a 90 or 95% confidence interval 
containing the actual QTL position. The reasons for these large fluctuations are not 
completely clear. The patterns seen are consistent with the hypothesis that the 
waves are produced as an amplification of the peaks seen in the non-parametric 
analysis. This arises because the mapping procedure shows a small bias towards 
placing a best estimate at the location of a marker. This bias can be calculated 
(Visscher et al., in preparation) using the equations from Whittaker et al. (1996) 
The bias can be visualised in Figure 2.4. It is clear from the test statistic that the 
best estimate of the location of the QTL in the analysis of the original data set is 
approximately at the middle of the chromosome. The distribution of positions of 
best estimates of QTL position from the bootstrap examples might be expected to 
show an approximation of the distribution of the test statistic. The distribution of 
the best position estimates follows the distribution of the test statistic well except at 
marker positions where the number of best estimates is large in comparison to the 
other locations. Note, however, that the mean test statistic is significantly lower. 
This implies that when a marker position is the best estimate of a QTL location, the 
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Figure 2.4 One million non-parametric bootstraps for one replicate (N=200, 
4=20). Mean test statistic calculated for each point only when that location was the 
best estimated position of the QTL 
In summary, the non-parametric bootstrap performed well. Between markers the 
probability a confidence interval contained the true QTL position was generally 
close to the expected value under all parameter combinations tested. Further to the 
work of Visscher et al. (1996), this study tests the non-parametric bootstrap 
thoroughly and shows that results are conservative when a QTL is simulated on a 
marker. In practice this at least errs on the side of caution. 
In practice we typically have only one replicate, so many of the findings of this work 
are difficult to interpret for real data. However, it is clear that the parametric is 
unsuitable for use with practical application. The confidence intervals were smaller, 
which would be desirable for gene introgression programmes but the inaccuracy of 
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the method would prohibit its use with pig populations where the cost of genotyping 
is high compared to conventional selection methods. Due to these high costs it is 
imperative that any gene introgression programme contains the gene of interest, 
which may not be the case using the parametric bootstrap. 
The non-parametric bootstrap is satisfactory for creating confidence intervals and 




Inherent QTL positional bias within interval mapping 
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3.1 Introduction 
Chapter 2 clearly demonstrated that the parametric bootstrap was inaccurate for 
creating confidence intervals for estimates of the location of a QTL. This was 
because the probability that a confidence interval contained a QTL varied from a 
very conservative estimate when the QTL was located at the location of a marker, to 
an anti-conservative estimate when the QTL was midway between two markers. 
Further, the non-parametric bootstrap also produced conservative confidence 
intervals when the QTL was simulated at the position of a marker. In contrast to the 
parametric bootstrap the non-parametric bootstrap did perform satisfactorily at all 
other non-marker positions. 
It is of practical and scientific interest why this problem occurs. Confidence 
intervals are the only method to narrow a search for a gene or provide a more 
accurate estimate of a QTL. It would be worrying for scientists and breeding 
companies alike if the expensive step of pursuing an effect, whether through 
introgression or marker assisted selection was destined to end in failure. One 
possible hypothesis for these fluctuations in accuracy is that the wave pattern seen 
on Figure 2.2, is simply an amplification of the peaks on Figure 2.1. This would 
occur if there were a small bias in the mapping method, because the non-parametric 
bootstrap resamples and analyses the data once, as opposed to the parametric 
bootstrap, which analyses the data, resimulates a data set and then reanalyses. 
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This chapter aims to establish the magnitude of this problem by addressing a number 
of points. These are: 
To study the estimates of location when no QTL is simulated. This produces 
a distribution of type I errors. Since both bootstrap methods do not select 
bootstrap resamples or replicates for the presence of QTLs, the accumulation 
of type I errors may be responsible. 
Following the ideas of Lebreton & Visscher (1998) to study the effect of 
selecting replicates and selecting replicates and bootstrap resamples on the 
accuracy of the confidence intervals. This method should remove the 
influence of type I errors. 
To study the effect of a second QTL on the chromosome. All simulations in 
chapter 2 only searched for one QTL if, by chance, a second QTL was on the 
chromosome this could effect the size and accuracy of the confidence 
interval. 
To study the overall mapping method. This can be achieved by repeated 
simulation at a position on a chromosome and measuring the mean estimated 
position over all replicates. 
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3.2 Materials and Methods 
3.2.1 No QTL simulated 
Data for N individuals (N=200 or 500) from a backcross population derived from 
two inbred lines were simulated. Each individual was assigned a single 
chromosome of length 100cM with m evenly spaced markers (m=2, 3, 5, 6 or 11) 
corresponding to a marker spacing of AcM (A=100, 50, 25, 20 or 10). All 
individuals were randomly assigned a phenotype from a normal distribution 
regardless of genotype. This was to represent a population with no QTL present. 
For each replicate the data were analysed using the standard Whittaker regression 
method (Whittaker et al. 1996) as previously described in 2.2.2 and the best 
estimated position of a QTL was recorded. For each set of parameters (N and m) 
100,000 replicates were analysed. 
3.2.2 Non-parametric selective bootstrapping 
Two types of selective bootstraps were used: 
3.2.2.1 Selective bootstrap: This uses the identical method as described in 
2.2.3 but only uses replicates with significant evidence for a QTL at the 5% 
chromosome wide significance level. This was determined using a 
likelihood ratio threshold of 6.08 which was determined by simulation. The 
simulation of populations continued until the desired number of replicates 
significant at the 5% threshold had been achieved. 
3.2.2.2 Double selective bootstrap: The double selective bootstrap is 
implemented using the same method as the selective bootstrap except that 
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bootstrap resamples are also selected on the same criteria as the replicates. 
The replicates were repeatedly bootstrapped until the desired number of 
resamples (R) significant at the 5% threshold were achieved. 
3.2.3 Two QTLs 
Data for 200 individuals from a backcross population derived from two inbred lines 
were simulated. Each individual was assigned one chromosome of length 100cM 
with six markers regularly spaced at 20cM intervals. The chromosomes contained 
two QTLs, in coupling, with an additive effect such that each had a heritability of 
5% in the backcross population. The positions of the two QTLs were always 
symmetrical about the centre of the chromosome and the distance between them 
varied from 0cM to 100cM in steps of 5cM i.e. 0, 5, 10, 15.....100cM. The data 
were analysed with the non-parametric bootstrap (2.2.3) for a single QTL with 200 
resamples per replicate and 1,000 replicates for each positioning of the two QTLs. 
3.2.4 Bias 
Data for 200 individuals from a backcross population derived from two inbred lines 
were simulated. Each individual was assigned one chromosome of length 100cM 
with 5, 6, 11 and 101 evenly spaced markers. The chromosome contained a QTL 
with an additive effect such that a heritability of 10% was obtained in the backcross 
population. The QTL was simulated at 0cM and the data were analysed using the 
Whittaker regression method (Whittaker et al. 1996). The best estimated position of 
the QTL was recorded and this was repeated over 1,000 replicates. The overall 
process was repeated at each position on the 100cM chromosome (101 positions). 
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In addition the identical population parameters were simulated and analysed with no 
QTL as a control. 
3.3 Results 
3.3.1 No QTL 
The results from the studies simulating populations with no QTL showed a clear 
bias towards placing the estimated QTL position at the location of a marker. This 
can be seen in Figure 3.1. The two positions of the outermost markers clearly had 
the most estimated QTL positions from the replicates. This was followed by the 
four other marker positions at 20, 40, 60 and 80cM. The internal marker positions 
had approximately equal number of replicates; this was seen in all simulations even 
when an odd number of markers were used. At all other non-marker positions the 
distribution of replicates was not equal with the mid-interval positions having more 
replicates than the positions next to markers. 




= a.rL(l — rL)(l -2rR) 
j 	0(1-0) 	 0(1-0) 
Where 0, rL and rR are the recombination fractions between markersj and j+1, QTL i 
and marker] and QTL I and marker j+1 respectively. flj and /3+j are the coefficients 
of the linear regression of phenotype on marker-type for markers j and j+1 
respectively. 
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From these equations the probability of an estimated QTL position lying at marker is 
given by: 
P(QTL at either marker) = P(,8 > O)P(,6, 1 <0) + P(/i <0)P(fl11 > 0) 
In the simplest case of an interval containing no QTL this equation can be reduced 
to (P.M. Visscher, personal communication): 
P(QTL at either marker) = 0.5 
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Figure 3.1 Histogram of estimated QTL positions from 100,000 replicates with no 
simulated QTL (N=200, 4=20) 
When the interval does contain a QTL the prediction remains close to the observed. 
Figure 3.2 shows the proportion of replicates with the estimated position at a marker 
compared with the prediction from the Whittaker et al. (1996) equations. The 
prediction was biased downwards when the QTL is larger. Even when the power of 
the experiment was relatively high (heritability of QTL=10%) the proportion of 
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replicates at the location of a marker remained higher than expected, N.B. a uniform 
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Figure 3.2 Observed and predicted proportion of replicates with estimated QTL 
position at the location of a marker, in a single 20cM interval with a QTL of 
variable size simulated in the middle 
3.3.2 Non-parametric selective bootstrapping 
The selective bootstrap removes 95% of type I errors from the bootstrap analysis. 
However, even with a selective and double selective bootstrap, confidence intervals 
at the location of a marker were still conservative (Figure 3.3). The differences 
between the selective and double selective bootstrap were small (results not shown) 
but both methods did decrease the size of the 90 and 95% confidence intervals by, 
on average, 4-5cM. Analysis of positions in the outermost intervals tended to 
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Figure 3.3 N=200, 4=20, h2=0.]. The probability a confidence interval contains a 
QTL at different simulated locations on the chromosome using the double selective 
non-parametric bootstrap. Replicates and bootstrap resamples were both selected 
using a threshold of 6 08. 
3.3.3 Two QTLs 
The results for the studies with two QTLs are presented in Figure 3.4. The average 
size of the confidence interval was constant when the two QTLs were contained 
within the same marker interval (0-20cM in Figure 3.4). Once the two QTLs were 
in different intervals the confidence interval became progressively larger as the two 
QTLs got further apart. 
The accuracy of the confidence interval also showed a pattern related to marker 
intervals. The accuracy of the confidence interval decreased, as the two QTLs 
became further apart within the same marker interval (0-20cM). When the QTLs 
moved into different intervals (20-40cM and 60-80cM) the accuracy was relatively 
constant and only decreased when the two QTLs moved into the two outermost 
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intervals (0-20cM and 80-100cM). This was the drop seen between 60 and 65cM. 
Once in the two outermost intervals the accuracy, again was relatively constant. 
0.9 
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Figure 3.4 The probability a 90% confidence interval contains either or both QTL5 
when two equally sized QTLs (h 2 =0. 05) are simulated varying distances apart 
symmetrically positioned around the centre of a 100cM chromosome (N=200, 
A=20) 
3.3.4 Bias 
When no QTL was simulated the mean estimated QTL position over all replicates 
was always the middle of the chromosome (50cM) regardless of the number of 
markers simulated along the chromosome. This was because when no QTL was 
simulated the estimated QTL position had an equal probability of lying at either side 
of the centre of the chromosome, in this case the mean estimated QTL position was 
simply the mean of all positions. 
When the chromosome was saturated with markers, in this case one marker every 


















Figure 3.5 Bias of position in QTL mapping. Each point calculated by simulating 
1,000 replicates at point d (N200, h2 =0. 1). Mean estimated position from 1,000 
replicates subtracted from true simulated position gives bias at point d. So if the 
position 8cMfrom the left of the chromosome maps, on average, at 10cM the bias is 
10-8= +2. If however, the same point maps on average at 5cM the bias is 5-8=-3 
This bias was caused by an 'end effect'. When the simulated position was at the end 
of a chromosome, type I errors, by chance, placed the estimated QTL position in the 
larger segment of the chromosome. For example, when the QTL was positioned at 
3cM more type I errors were in the 4-100cM interval compared to the 0-2cM 
interval. When the QTL was simulated in the middle of the chromosome there was 
no bias as both intervals were the same size. The bias always acted towards the 
centre of the chromosome, e.g. when the QTL was simulated at 5cM the mean 
estimated position was 6.7cM, a position 1.7cM closer to the centre of the 
chromosome. 
Figure 3.5 also shows the results for the same study using only six markers on the 
chromosome. The 'end effect' can still be seen from the general slope from the top 
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left of the graph the bottom right. Additional to this there was also a bias around the 
markers. This can be seen more clearly in Figure 3.6 where the 'end effect' was 







Figure 3.6 The influence of markers alone on the positional mapping of QTL. 
Figure produced by subtracting values in Figure 3.5 for 101 markers from the 
equivalent point for six markers. 
Figure 3.6 shows an overall bias towards the nearest marker. At the location of the 
markers and midway between markers the bias was 0 although this did not hold in 
the outer marker intervals because of additional bounding effects. In between these 
points the bias fluctuated up to ±1.5cM with the largest bias at one quarter and three 
quarters of the marker interval. The bias was 0 midway between markers because 
the 'pull' towards each marker is assumedly equal. Increasing the number of 
markers created more oscillations of the wave and hence decreased the wavelength 
but also decreased the amplitude of the waves (results not shown). 
57 
3.4 Discussion 
The aim of these studies was to try and identify causes for the conservative results 
from the non-parametric bootstrap when the QTL was simulated at the position of a 
marker. Further, it was also of interest to explain the large fluctuations in the 
accuracy of confidence intervals produced from the parametric bootstrap. 
The mapping method showed a bias placing the estimated position of type I errors 
on the position of markers. In the non-parametric bootstrap this would mean that 
resamples with little or no evidence for a QTL would accumulate at marker 
positions. This could account for the very conservative confidence intervals 
produced when the QTL was simulated at the position of a marker. However, it is 
unable to explain all the resamples with an estimated QTL position at a marker. For 
example, Figure 2.4 shows approximately 7.5% of QTL estimates at position 40cM. 
This large peak cannot be purely because of type I errors. Linear interpolation 
between 39 and 41cM indicates approximately 12,500 bootstrap resamples would be 
expected if no bias were present. If the power was assumed to be 0.80 (an 
underestimate) in this population then 200,000 resamples would be type I errors, of 
which 8% (16000) would be placed at 40cM (Figure 3.1). In total the peak of 
bootstrap resamples would not be larger than 30,000 a figure far short of the 
observed peak of 75,000. Type I errors could therefore explain the peaks at 20, 60, 
80 and 100cM in Figure 2.4 but not at 0 and 40cM. From this it is clear that the 
accumulation of bootstrap resamples and the conservative confidence intervals at the 
location of markers is not caused only by the type I errors positioned at markers. 
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This point is further reinforced by the selective and double selective bootstraps, 
which failed to remove the conservative nature of the confidence intervals at the 
location of markers. The threshold for the selection of replicates and resamples was 
set to remove 95% of type I errors. The fact this failed to prevent intervals at 
markers being too conservative despite the confidence interval being significantly 
smaller indicates that although type I errors were 'stretching' the intervals they were 
not solely responsible. 
The results for two QTLs were in agreement with expectation. When both QTLs 
were in the same marker interval the mapping method cannot distinguish between 
one or two QTLs (Whittaker et al. 1996) and the confidence interval does not 
increase as the two separate. Once they are in two different marker intervals the 
method achieves a more accurate estimate for position and effect and the confidence 
interval steadily rises. The inability of the method to distinguish between two QTLs 
in the same marker interval does mean the accuracy of the confidence interval 
decreases as the two QTLs are moved further apart. This is because the method will 
treat the two QTLs as one and therefore construct confidence intervals accordingly 
which is less appropriate as the two QTLs are simulated further apart. 
Perhaps the most interesting finding in this work is the results regarding the bias in 
the mapping procedure. This bias is created from two different sources. The first 
source of bias was called an 'end effect' and is due to the fact that errors can only be 
placed on one side of the QTL when the QTL was simulated at one end of a 
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chromosome. This causes a 'pull' towards the centre of the chromosome. The bias 
was largest at the ends of the chromosome where the mapping procedure places the 
QTL, on average, approximately 3cM closer to the centre of the chromosome than 
the true position. Only the outer regions of the chromosome show a large bias, the 
majority of the chromosome (llcM-86cM) has only a small bias (<1cM). Hyne et 
al. (1995), for a population of 300 and a QTL with heritability of 10%, previously 
reported this bias due to the asymmetrical location of the QTL in an F 2 population. 
The second source of the bias was due to markers. Figure 3.6 shows that each 
marker has an equal effect with the general trend being a pull towards the marker. 
Midway between markers the bias disappears, because the effect of each marker is 
equal. At other locations in the interval the bias depends on the position of the QTL 
in relation to the two flanking markers. Bias is largest one quarter from the left 
marker, acting towards the left marker and three quarters from the left marker, acting 
towards the right marker. The bias is not large, however, never exceeding +1-1.5cM. 
This work attempted to understand the reasons why bootstrap methods created 
conservative confidence intervals at the position of markers. The reason is partly 
due type I errors that accumulate at the position of markers. This means that when 
bootstrapping, more resamples are estimated at marker locations (as seen in Figure 
2.4) with an effect of increasing the number of marker locations included within a 
confidence interval. However, a selective and double selective bootstrap failed to 
correct the accuracy of confidence intervals and therefore the type I errors are not 
the sole cause of the conservative confidence intervals. 
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The bias towards markers is the other cause of the conservative confidence intervals. 
Although this bias is relatively small the computationally intensive nature of the 
bootstrap method amplifies this bias. With experimental populations (one replicate) 
this bias is relatively small in comparison to other common problems with the 
experiment (non-paternity, unknown genotypes etc.). Since this bias is small and 
typically confidence intervals from experimental populations are large as to err on 
the side of caution, in practical circumstances it would be unnecessary to adjust for 
the bias. 
Although the bias is small it can be amplified by methods that use high number of 
replicates. In practice there are two commonly used methods to which this would 
apply, the bootstrap which has been studied and the Churchill and Doerge (1994) 
permutation test typically used to set thresholds in QTL mapping. The permutation 
test permutes genotype and phenotype to remove any association. The permuted 
data set is analysed using the identical model and the highest test statistic recorded. 
This is repeated many times and the threshold is set by removing the top n% of 
values to give the (lOO-n)% threshold. 
Permutation analysis is commonly used throughout QTL mapping but when the data 
is permuted the analysis is equivalent to the analysis of a population with no QTL. 
This was demonstrated in Figure 3.1 to show an underlying bias to locate positional 
estimates at markers, further when the estimated position is at a marker the test 
statistic is, on average, lower than a non-marker location. This means that 
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conventional flat significance thresholds are biased downwards by the accumulation 
of permuted data sets with estimated positions at the location of a marker. This can 
be seen in Figure 3.7 where the conventional flat threshold is compared to a 
threshold calculated individually at each point using only permutations that gave an 
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Figure 3.7 Comparison of the conventional flat threshold from the Churchill & 
Doerge (1994) permutation test with a threshold calculated for each individual 
point along a 100cM chromosome created from only using permutations with 
estimated position at specific point. Markers equally spaced at 20cM interval; 
population size was 200. 
Although the findings of this study are clear it is difficult to know how they would 
be used. Bias can, to some extent, be predicted using the equations of Whittaker et 
al. (1996). Simulation studies using large numbers of replicates may be affected by 
the bias demonstrated in this chapter. Results can be adjusted using the equations 
from Whittaker et al. (1996) but would only be necessary with particular 
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simulations, e.g. low power experiments. In practical terms, dealing with one 
replicate, the bias effecting the position of a QTL is negligible but is a problem for 
other applications. The bootstrap is in common use for creating confidence intervals 
in QTL mapping as is the permutation test to set thresholds. Neither can be easily 
adjusted to account for the affect of positional bias so it is important that researchers 
are mindful of the effects that it may have on the results. 
63 
Chapter 4 
QTL mapping population and data collection 
64 
41 Introduction 
The European PiGMaP project was established in February 1991 between a number 
of European collaborators. Reference populations from a Meishan by Large White 
cross were produced at Roslin, UK, INRA, France and Wageningen, Netherlands. 
Other participants in Germany and Sweden used diverse crosses between European 
commercial pigs and the wild boar as reference populations. 
The aim of the project was primarily to develop a genetic map of the porcine 
genome made up of linked polymorphic marker loci. Coverage across the entire 
genome was possible because of the availability of large numbers of genetic markers 
based on DNA polymorphisms (e.g. RFLPs and VNTR5). The complete map from 
the project was published in 1995 (Archibald et al. 1995). 
The map information and populations created from PiGMaP allow the studies 
including the use of genetic markers to further the understanding of organisation and 
action of genes controlling valuable quantitative traits. These studies could 
ultimately lead to the use of marker technologies to improve breeding stock through 
the use of marker assisted selection and in some instances marker assisted 
introgression. 
To enable the mapping of the Roslin PiGMaP population both genotype and 
phenotype data had to be collected from a large number of animals. The data had to 
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be processed to ensure that it was free from error and to create linkage maps from 
the population on which to base the mapping study. 
This chapter outlines the population developed at Roslin and systems of test used for 
animals in the PiGMaP experiment. Further, it describes the methods used to 
process the data created from the project and the production of the genetic linkage 
maps. 
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4.2 Materials and Methods 
4.2.1 Animals 
The UK population of Meishan pigs were derived from the importation of 11 males 
and 21 females from the Jiadan county pedigree on the Lou Tang research farm in 
China in 1987 (Haley et al. 1992). The Large White pigs used were from a British 
control population, derived from a broad sample of genotypes in 1982. All animals 
in this population were test mated to halothane positive pigs to ensure absence of the 
halothane gene (Cameron et al. 1988). 
4.2.2 Experimental data 
Two Large. White boars were crossed with two Meishan sows. Reciprocally, two 
Meishan boars were crossed with two Large White sows, all animals used were 
unrelated. From the F 1 offspring, seven boars were mated to 25 sows from a 
different grandparental pairing producing F 2 offspring in 43 full-sib families. Each 
F 1 sow had up to two litters of F 2 pigs. Animals were individually weighed at birth 
and the number of teats were recorded. Limited cross fostering from the largest 
litters was used to reduce variation in litter size and animals were weaned between 4 
to 5 weeks of age. All animals were weighed individually at weaning. Animals were 
performance tested in single sex pens of four over a fixed weight range with a target 
start weight of 30 kg and finished at a target pen weight of 320 kg. All pigs were 
fed ad-libitum on standard commercial growth rations. At the end of test, fat depth 
measurements were taken using an Aloka SSD-210 DX ultrasonic real-time scanner 
with a 3.5 MHz transducer, at three points on the longitudinal back line of the body 
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of the animals: the maximum depth on the mid-line at the shoulder, the depth at the 
last rib 6.5cm off the mid-line (equivalent to a carcass P2 measure) and the 
minimum depth on the mid-line at the loin. All fat measurements were taken on 
farm and re-examined from videotape to confirm measurements. To investigate 
whether farm or videotape measurements were the more accurate representation of 
an animal's fat content, measurements were taken from a selection of pigs with 
records of dissection data. Correlations and regressions were calculated between the 
farm, videotape and dissection data. Animals without a full test record or requiring 
additional veterinary treatment during performance test were discarded from the 
analysis. 
4.2.3 Genolyping 
DNA was prepared by standard procedures from spleen tissue, which was collected 
at slaughter and stored at -70 °c. 
Polymorphic microsatellite markers were selected for genotyping on the basis of 
their map positions within the genome (Archibald et al. 1995; Marklund et al. 1996; 
Rohrer et al. 1996) and on the genotypes of the grandparental pigs, which are part of 
the PiGMaP reference pedigrees (Archibald et al. 1995). The published PCR 
conditions were modified as necessary to optimise performance in the laboratory. 
Each marker was subjected to PCR amplification separately. PCR products were 
pooled as appropriate and loaded on an ABI 373 fluorescent DNA fragment 
analyser. Data were interpreted and alleles called using ABI Genescan 2 and 
Genotyper 1 software. The genotypes were transferred to the project database, prior 
to map construction and QTL analysis. 
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4.2.4 Map construction 
Marker genotypes that were inconsistent with the pedigree were checked. In the few 
cases where the genotyping inconsistency could not be resolved, the genotype was 
set to unknown. F 2 individuals with >2 non-inheritance errors were removed from 
the analysis. Overall 2.4% of all genotypes were recorded as unknown. Linkage 
maps were produced using the BUILD option in Cri-Map (Green et al. 1990). The 
CHROMPIC option was used to provide a list of all double recombinants. Parents 
from families with 2 or more double recombinants for any marker were re-
examined. 
4.2.5 Information content 
Information content was calculated for individual markers and using all available 
information. Information content quantifies the amount of information that is 
available for deriving the QTL genotype at a location on the chromosome. Details 
on the calculation of information content are given in Knott et al. (1998). 
4.3 Results 
4.3.1 Phenotypic data 
The fat data used were that extracted from the videotape because this produced 
higher correlations with carcass dissection data (0.77 compared to 0.73) and more 
significant regressions when compared to the measurement on farm. The 
correlations were lowered by a two week gap between ultrasonic fat measurement 
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and slaughter for carcass dissection. Because of this interim period the regressions 
are a more suitable figure to compare. It is however reassuring that the correlation 
between farm measurements and videotape measurements was very high (0.95). 
The summaries of the phenotypic data are presented in Table 4.1. The means and 
standard deviations for birth weight (BWT) and weaning weight (WWT) are similar 
to many studies including those involving only European Large White pigs, e.g. 
Kerr & Cameron (1995). Growth traits were lower and fat traits higher in the F 2 
population in comparison to commercial Large White populations but similar with 
those from studies using wild boar (Knott et al. 1998) and Meishan (Haley et al. 
1992) crossbreds. Similar means to other Meishan crosses (Haley et al. 1992) were 
found for growth rate to weaning (GRW), growth rate from weaning to start of test 
(GRWS) and growth rate on test (GROT). Means for fat depth at shoulder (BFS), 
mid-back (BFM) and loin (BFL) were generally higher in this study than those 
published in Haley et al. (1992). However, measurements of fat traits can vary 
between data analysts due to the layering of the fat and the higher means could be 
due to this subjective variation. The data for teat number (TN) are in agreement 
with Haley et al. (1995). 
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Table 4.1 Traits measured in the F2 population on 390 animals. For each trait the 
mean, standard deviation, minimum and maximum values are listed as well as the 
inter quartile range 
Trait Symbol (Units) Mean StDev Min Max Q 1 03 
Litter size (piglets) 13.6 2.8 4.0 19.0 12.0 16.0 
Family size at weaning (piglets) 12.1 2.5 4.0 18.0 11.0 13.0 
Age atweaning (days) 32.4 3.2 24.0 41.0 31.0 34.0 
Age at start of test (days) 80.1 7.4 65.0 108.0 74.8 84.0 
Age at end of test (days) 171.7 17.9 123.0 215.0 158.0 186.0 
Birth weight BWT (kg) 1.25 0.25 0.60 2.10 1.10 1.40 
Weaning weight WWT (kg) 8.24 1.86 2.00 14.50 7.00 9.50 
Weight at start of test (kg) 29.8 3.3 20.0 45.0 27.5 32.0 
Weight at end of test (kg) 81.8 10.6 49.0 111.0 75.0 89.0 
Growth: Birth-Weaning GRW (glday) 215 48 38 355 185 246 
Growth: Birth-Start GRS (g/day) 359 49 203 503 326 394 
Growth: Birth-End GRE (g/day) 474 79 270 703 418 530 
Growth: Weaning-Start GRWS (glday) 460 80 232 686 404 512 
Growth: Weaning-End GRWE (glday) 537 101 284 826 467 607 
Growth: On Test GROT (g/day) 581 138 214 1051 481 672 
Fat: Shoulder BFS (mm) 33.4 8.3 15.0 69.0 27.8 38.0 
Fat: Mid-back BFM (mm) 19.3 6.9 7.0 44.0 14.0 23.0 
Fat: Loin BFL (mm) 20.8 6.8 8.0 44.0 16.0 25.0 
Fat: Mean MF (mm) 24.5 6.8 10.3 47.0 19.3 28.3 
Number of teats TN (teats) 15.1 1.1 12.0 19.0 14.0 16.0 
Q  and Q3 denote the lower and upper bounds of the interquartile range respectively 
4.3.2 Genotypic Data 
The completed sex-averaged map used 95 markers across 18 chromosomes, 
spanning 15.5 Morgans and was compared with previous studies (Archibald et al. 
1995; Markiund et al. 1996; Rohrer et al. 1996) to confirm marker order and 
distance. No marker information was available for chromosome 12. The markers 
used and information content for the individual marker information and using all 
information along the chromosome are given in Table 4.2. 
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Table 4.2a Information content of markers used on chromosomes 1-10 
Chromosome Marker 	Ind Info* Alit I Chromosome Marker 	Ind 
SW1515 52.4 77.5 6 SW782 97.2 98.6 
SW64 65.9 81.9 S0220 99.7 99.7 
S0008 69.5 86.6 SW122 97.7 99.2 
CGA 99.5 99.5 SW316 88.1 94.7 
S0122 99.0 99.0 SW71 96.9 97.7 
S0082 94.4 97.6 S0031 93.7 98.5 
S0155 98.1 98.5 S0228 90.3 97.0 
2 SW240 97.7 98.1 LEPR 17.2 55.1 
SW1201 32.2 90.4 SW2466 76.5 76.5 
S0091 99.5 99.5 7 S0025 64.1 69.4 
SW2443 99.2 99.6 SW2155 79.2 82.8 
S0226 68.8 89.7 TNFB 99.2 99.2 
3 SW274 78.5 81.2 S0102 99.2 99.2 
SW72 84.7 89.1 S0066 81.8 91.9 
SW2527 100 100 SW632 99.5 99.5 
S0167 81.5 87.8 SO101 73.3 82.6 
S0002 98.5 99.4 SW764 98.7 98.8 
SW590 86.4 89.5 8 SW2611 97.7 98.4 
4 S0227 93.1 95.0 SW268 84.5 89.8 
S0301 83.8 90.0 SW7 68.3 90.3 
S0001 96.7 97.3 S0017 99.7 99.8 
S0023 61.9 89.3 S0225 75.1 85.9 
S0217 96.5 97.4 SW61 98.7 98.7 
S0073 99.2 99.2 S0178 74.6 78.8 
S0214 57.9 92.9 9 SW983 97.1 97.9 
SW445 86.4 90.6 SW911 98.2 98.2 
S0097 98.7 99.5 S0295 59.2 78.2 
5 DAGK 100 100 SW174 53.7 74.8 
S0005 90.6 93.9 10 S0070 98.5 99.2 
IGF1 84.5 88.1 SW104I 99.2 99.4 
SW1954 72.6 84.0 SW830 99.7 99.8 
SW967 99.0 99.0 SW443 99.7 99.7 
6 S0035 56.0 56.0 SW497 99.2 99.2 
SW1057 65.8 72.2 SW951 76.0 81.8 
Information content of individual markers Tlnformation content using all markers on the 
chromosome 
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Table 4.2b Information content of markers used on chromosomes 11,12-18 andX 
Chromosome Marker Ind Info* Alit 
11 SW1632 99.5 99.6 
SW1515 33.6 80.0 
S0230 85.5 88.5 
13 SW1378 84.2 93.3 
S0076 96.0 96.3 
S0068 99.7 99.7 
PITt-i 58.1 87.9 
SW398 97.4 97.9 
SW1056 72.2 82.5 
SW769 87.9 99.0 
S0215 99.5 100 
14 SW857 100 100 
SW295 99.0 99.0 
SW210 71.4 91.1 
SW1557 73.6 73.6 
15 S0355 98.5 99.2 
SW964 99.7 99.7 
S0148 78.1 87.8 
SW936 78.8 82.7 
16 S0026 97.2 97.2 
17 S0359 87.3 87.3 
SW24 99.5 99.7 
18 SW2540 98.7 99.3 
LEP 95.4 96.2 
SW1984 95.4 97.4 
SW1682 98.5 98.6 
X S0218 98.7 98.7 
Information content of individual markers 
tlnformation content using all markers on the chromosome 
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4.4 Discussion 
Differences between the fat measurements from the farm and the videotape were 
mainly due to the subjective choice of which layer identified the boundary between 
muscle and fat. Farm data were collated over an 18 month period and was measured 
by a number of recorders during this time. In comparison all fat depths recorded 
from videotape were compiled by a single person within a two week period and 
therefore subjected to less variation and hence this measurement was used. The 
correlations and regressions with the dissection data further reinforced this choice. 
The F2 data shows larger variation for growth and fatness traits than would expected 
to be seen within a breed population. This is expected because of the large 
differences between the phenotypes of Large White and Meishan pigs. All extreme 
figures (maximum and minimums) were double-checked to ensure the data were free 
of errors. The very slow growth rates and large fat depths were caused by the 
influence of the Meishan animals rather than by inaccurate data recording. The 
weights at start of test were reasonably constant, with 75% of animals starting test 
between 27.5kg and 32kg. Weights at the end of test were less uniform because 
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animals finished test at an average pen weight. Animals in a pen of four could have 
a range of weights providing the sum for the pen was approximately 320kg. In these 
circumstances a faster growing, heavy pig would compensate for slow growing 
animals within the same pen. Teat number is an easy trait to measure accurately and 
is significantly different between the two breeds, it is perhaps suprising that the 
variation was so low within the F2 population (interquartile range of 2). This finding 
is in agreement with Haley et al. (1995) using pure bred Meishan and Large White 
pigs with mean teat numbers of 17.0 and 14.1 respectively. The crosses within the 
Haley et al. (1995) study produced figures between these two measurements 
(although F2 populations were not studied) and therefore the mean of 15.1 for the 
PiGMaP study is comparable. 
The maps produced were in agreement with previous studies for marker order and 
length (Archibald et al. 1995; Markiund et al. 1996; Rohrer et al. 1996). The 
linkage map for chromosome 6 was significantly longer than other published 
studies. This was caused by the two outermost markers having a location >50cM 
away from all other markers. With these markers located at the ends of the 
chromosome double recombinants cannot be identified to highlight possible 
genotype errors. The markers covered approximately 70% of the genome (assuming 
genome size of -P23 Morgans from Marklund et al. 1996). Individual markers with 
low information content did not affect the results because flanking markers meant 
the overall information content remained high throughout. Two chromosomes, 16 
and X had only one marker typed, hence other markers are unable to increase the 
information content on these chromosomes. 
77 
Chapter 5 
Mapping of quantitative trait loci in a Large White x 
Meishan F2 population 
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5.1 Introduction 
The use of genetic markers is now widespread and marker technology is both 
accessible and adaptable to many applications. One application of markers is the 
mapping of regions of the genome that influence quantitative traits, commonly 
known as quantitative trait loci (QTL5). Most studies in experimental organisms use 
populations derived from inbred lines. QTL mapping in livestock is more 
challenging because most populations are outbred and so both markers and QTLs 
can be segregating within lines. This problem can be reduced by the creation of an 
experimental population based on a cross between lines or breeds that differ 
markedly for one or more traits of interest. In this case it may be reasonable to 
assume that the two lines are fixed for alternative alleles at major QTLs which 
simplifies the analysis. 
Of the livestock species the pig has several advantages for QTL mapping studies. 
Diverse, reproductively viable breeds exist, three generation pedigrees can be 
produced relatively quickly and the genetic map for the porcine genome is relatively 
well developed (Archibald et al. 1995; Marklund et al. 1996; Rohrer et al. 1996). A 
cross between breeds differing significantly for fat depth and growth rate can detect 
QTLs affecting these traits. Given the high economic weightings of these traits such 
findings are of great interest to the pig industry. 
The first genome scan in pigs for QTL5 used a wild boar x Large White cross 
(Anders son et al. 1994) and revealed significant effects on growth from birth to 70 
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kg, length of small intestine, average back fat depth and abdominal fat percentage. 
The QTLs with the largest effects were all on porcine chromosome 4. This 
population has been further examined with additional markers, confirming these 
effects (Knott et al. 1998). It is both of scientific and commercial interest to know 
whether similar effects can be found in other breed crosses or within breeds of 
commercial populations. Identifying economically important regions of the genome 
segregating within commercial breeding populations would provide criteria for 
selection to fix beneficial genes. Introgression of genes from other breeds provides 
a source of potential breed or line improvement. 
The Chinese Meishan breed is genetically distant from European breeds and is 
known to benefit from a significantly higher litter size (Haley et al. 1995) in 
comparison to European commercial breeds but grows more slowly and is 
substantially fatter (Haley et al. 1992). Composite breeds containing genes from 
Meishan and European breeds are already being developed for commercial use and 
so detection of QTL5 for traits of commercial value would allow marker-assisted 
selection in these composites. 
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5.2 Materials and Methods 
5.2.1 Statistical methods 
The approach used was that developed by Haley et al. (1994). This involves a two 
stage analysis, first the probability of an F2 individual being each of the four 
possible QTL genotypes (QQ, Qq, qQ, qq) is calculated at each 1cM location within 
the genome conditionally upon the marker genotypes. This information is then used 
in a least squares framework to investigate the genetic model underlying the trait of 
interest. 
At the position of a fully informative marker the QTL genotype can be predicted 
directly from the marker genotype, otherwise the probabilities are calculated from 
flanking markers and recombination rates. The analysis assumes that the QTL is 
fixed in the two breeds for alternative alleles and these are the same in all F, 
families. 
Table 5.1 Phenotype of an individual in terms of mean (m), additive effect of QTL 
(a) and dominance effect of QTL (d) 
QTL genotype QQ Qq qQ qq 
Phenotype m+a rn+d m+d rn-a 
Using Table 5.1 the expected value of an offspring can be written as a linear model 
in terms of the additive and dominance contributions at a QTL: 
yi =/J+caia+cdid 
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Where t is the mean, Cal is the coefficient for the additive component for individual i 
at the given location that, denoting the probability of an individual being genotype 
)X as prob(XX), is equal to prob(QQ) - prob(qq), and Cdl is the coefficient for the 
dominance component for individual i at the given location, which is equal to 
prob(Qq) (Knott et al. 1998). 
5.2.2 Basic least-squares model fitted 
The equation easily extends to include fixed effects and covariates into the model. 
The model fitted for TN only included the fixed effect of sex. For all other traits the 
model fitted fixed effects of sex and F 2 family. In addition, the model for growth 
traits included the covariate of weight at the start of the growth period. For 
example, the model for GRWS included a covariate of WWT, whereas the model for 
GROT included a covariate of weight at start of test. The model for fat traits 
included covariates for the weight and age at the end of test. 
5.2.3 Cofactor selection 
Conventional methods for QTL detection and mapping are based on a single QTL 
versus no QTL model at each location on the genome. However, QTLs located 
elsewhere on the genome can have an interfering effect (Jansen 1993). Markers can 
be fitted as cofactors within the least-squares model to account for genetic variation 
present on chromosomes not currently under investigation (Jansen 1993; Zeng 
1993). The additive coefficients of all markers were fitted to each trait in turn 
within the least squares regression model. For each trait, individual markers were 
removed from the analysis using a backward stepwise regression process. A marker 
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was discarded if its omission did not significantly worsen the fit of the model. This 
was decided using a nominal 5% significance level from a x2  distribution with one 
degree of freedom. The remaining markers, having a significant effect on the fit of 
the model, were retained and used to account for variation caused on chromosomes 
not currently under analysis. Locations on the same chromosome as the one being 
analysed were excluded from the model. 
5.2.4 Alternative genetic models 
Using models analogous to those proposed by Visscher & Haley (1996), the 
following analyses were carried out on each chromosome independently. 
5.2.4.1 Multiple QTL model 
Offspring phenotypes were regressed onto the additive coefficients for all 
marker locations along a single chromosome. This is a test for genetic 
variation on the chromosome affecting the trait under consideration. The 
degrees of freedom in the numerator of the F-ratio are equal to the number of 
markers on the chromosome under analysis. 
5.2.4.2 Single region 
For each chromosome that showed evidence for genetic variation affecting a 
trait, the additive coefficients of each pair of markers flanking an interval 
were fitted. This was fitted for each interval along the chromosome and 
compared with the multiple QTL model. The F-ratio of the multiple QTL 
model versus the single region has n-2 degrees of freedom in the numerator, 
where n is the number of markers on the chromosome under analysis. This 
test was not possible for chromosomes with two or less markers. 
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5.2.5 QTL analyses 
A series of different analyses were applied to the data to detect QTLs and to further 
the understanding of the behaviour of the effect. 
5.2.5.1 Single QTL 
Initially, the genome was searched at 1cM intervals to identify regions where 
the markers explain a large proportion of the phenotypic variance. The 
model fitted the additive and dominance components of a putative QTL and 
was compared with the identical model without the QTL. This was achieved 
through an F-ratio with two degrees of freedom in the numerator. The best 
estimated position was taken at the position of the highest F-ratio and 
additive and dominance components of the putative QTL were measured at 
this position. Cofactors were fitted on chromosomes not being searched to 
account for other QTLs within the genome. If a QTL was significant at the 
genome wide level the following analyses were carried out. 
5.2.5.2 Single QTL with sex interaction 
To investigate whether the effect of the putative QTL was different in male 
versus female offspring additive and dominance effects were estimated 
separately for each sex. This was tested against the model with equal effects 
for both sexes. The F-ratio has 2 degrees of freedom in the numerator. 
5.2.5.3 Single QTL with grandparental interaction 
To investigate whether the effect of the putative QTL was different from 
different combinations of grandparents, additive and dominance effects were 
estimated separately for each combination of grandparents. From the four 
grandparental pairs there is six different pair combinations in the F 2 
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population. This model was tested against the model with equal effects from 
each pairing. The F-ratio has 10 degrees of freedom in the numerator. 
5.2.5.4 Single QTL with F 1 sire interaction 
Similar to the above, separate QTL effects were calculated for each F 1 sire. 
There were seven F1 sires used in the population and, hence the F-ratio has 
12 degrees of freedom in the numerator when compared to the model with 
equal effects across all F 1 sires. 
5.2.5.5 Two QTLs 
A two-dimensional search was carried out, fitting the coefficients for two 
locations simultaneously at 5cM intervals. The F-ratio of two versus no QTL 
was considered. If this was significant the model was compared to 
investigate whether it improved on the single QTL model. 
5.2.5.6 Confidence intervals 
Confidence intervals for the location of the putative QTL were calculated 
using a two-LOD drop (Lander & Botstein 1989) and by bootstrapping 
(Visscher et al. 1996). For the bootstrap method five hundred resamples 
were used. The 95% confidence intervals were created by the truncation of 
the top and bottom 2.5 percentile of positional estimates. 
5.2.6 Significance thresholds 
Genome wide and suggestive thresholds (Lander & Kruglyak 1995) for the single 
QTL model were calculated using the Churchill and Doerge (1994) permutation test. 
One thousand permutations were used for each trait and the thresholds chosen were 
such that 5% of the results were larger than the threshold. However, analysing the 
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results for both GRWE and BFM gave similar results for suggestive (F-ratios 5.2 
and 5.1) and genome wide thresholds (F-ratios 9.1 and 9.0). Furthermore, Knott et 
al. (1998) found that the differences in thresholds were small between traits, because 
of this the genome threshold was set at an F-ratio of 9.0 for all traits and results 
above 5.0 were reported as suggestive for the single QTL analysis. If the single 
QTL analysis was significant all other models were compared at a nominal 
significance level to test for a improvement upon this model. 
5.3 Results 
5.3.1 Cofactor Selection 
Table 5.2 gives the number of markers selected after the backward elimination 
process for each trait. The percentage of the residual variance explained by these 
markers, their chromosomal location and their net additive effect i.e. sum additive 
effect of all selected markers is also given with the additive direct genetic breed 
differences from previous studies (Haley et al. 1992; Bidanel et al. 1991). The 
variance explained by markers varies from relatively low amounts for birth weight 
and weaning weight, 7.0 and 2.2% respectively, to larger amounts for the fat traits 
and teat number. The net additive effect is reported as the effect of the Large White 
allele, it was therefore perhaps surprising that the net additive effect increases loin 
fat. Although over 25% of the residual variance was explained by markers for mean 
fat and teat number the net effect of the markers was relatively small. Five of the 
eight markers decreased mean fat when of Large White origin, however the other 
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three markers act contrary to this. Equal numbers of markers increased and 
decreased teat number, although none substantially (range from -0.5 to 0.4). These 
opposing effects caused the net effect to remain close to zero 
Table 5.2 Number of markers selected as cofactors with the amount of residual 
variance explained and the net additive effect 
Trait 	Number of Chromosomal location Residual Variance Net Additive Direct Breed 
Markers 	of significant markers 	Explained (%) 	Effect 	Difference* 
BWT 5 5,6,7,14,X 7.0 26g 69g 
WWT 2 1 2.2 -45g -631g 
GRW 9 1,2,8,10,11,15 9.1 9.0g/day -23.0g/day 
GRS 13 1,2,4,5,7,8,18,X 21.2 32.8g/day 
GRE 12 1,3,4,6,7,9,14,18 24.6 100.0g/day 
GRWS 12 1,4,5,8,10,13,X 19.3 45.3 glday 15.0g/day 
GRWE 10 3,4,5,6,7,9,14 23.9 118.6g/day 
GROT 10 1,3,4,5,6,7,9,11,14 22.8 164.4g/day 149.5g/day 
BFS 15 2,3,4,6,7,8,11,18 21.7 -3.44mm -6.42mm 
BFM 14 2,4,5,6,7,8,9,10,13,14 33.7 -2.04mm -4.36mm 
BFL 10 2,3,4,5,6,7,10 25.0 3.82mm -3.28mm 
MF 8 2,3,4,5,7,11,X 25.6 0.10mm -4.69mm 
TN 16 1,3,4,6,7,8,9,13,14,17 28.5 -0.19 3.60 
Additive direct, i.e. non-maternal, breed differences calculated from Edinburgh data in Haley et al. 
(1992) with the exception of TN from Bidanel etal. (199 1) 
5.3.2 Comparison of genetic models 
The results of the tests for alternative genetic models are presented in Table 5.3. 
The results of the multiple QTL model versus single region are reported for the best 
single region on the chromosome. The multiple QTL model was significantly better 
for GRE and GRWS on chromosome 4, MF on chromosome 7 and TN on 
chromosome 6. This conflicted with similar traits on the same chromosome 
suggesting the single region model was the most appropriate, e.g. GRS and GROT 
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on chromosome 4, BFL on chromosome 7. If a gene present on chromosome 4 
effects GRE and GRWS the same gene is likely to effect GRS and GROT. A 
similar comparison for fat traits on chromosome 7 can also be drawn. In these 
circumstances only one model would be appropriate. Given the large number of 
tests (over forty) some of the significant results could have been due to chance. 
Overall the single region model was the more appropriate. 
5.3.3 Single QTL analyses 
Table 5.4 presents the estimated location of a QTL with the test statistic and 
parameter estimates at this location. QTLs were reported if significant at a 
suggestive level (F>5.0). The data indicated QTLs affecting growth on 
chromosomes 1, 3, 4, 6, 7 and 14. Only chromosomes 4 and 14 were significant at a 
genome wide level (F>9.0) but results for similar traits were consistent for 
chromosomes 3 (GRE and GROT) and 10 (GRS and GRWS). The effects on 
chromosomes 4 and 14 explained up to 176.8g/day between the two breeds for 
GROT. 
The fat data indicated QTLs on chromosomes 2, 4, 5, 6, 7, 10 and X. From these 
chromosomes only the effects on chromosome 7 were significant at a genome wide 
level. It is interesting to note that the Large White allele on chromosome 7 increases 
fat substantially, this goes against expectation because the Large White is 
considerably leaner than the Meishan. The data for chromosome 4 showed a 
consistent estimated position for all fat traits (79-84cM). No locations were found to 
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effect WWT and none of the locations affecting BWT and TN were significant at the 
genome wide level. 
Table 5.3 Comparison of alternative genetic models 
Trait 	Chromosome M vs. 0* 	M vs. St Trait 	Chromosome M vs. 0 	M vs. S 
BWT X 0.1 --- (IKUl 14 (J.(J 77.1 
GRW 1 3.5 25.5 BFS 2 0.8 10.3 
10 2.8 28.2 4 2.6 52.2 
11 2.3 95.1 6 0.0 13.3 
GRS 1 0.1 18.3 7 0.0 5.8 
4 0.0 23.1 11 0.2 48.0 
8 0.1 18.3 BFM 2 0.1 43.1 
10 0;8 35.6 4 0.6 43.1 
X 0.4 7 0.0 5.9 
GRE 4 0.0 4.3 10 1.8 100 
6 2.0 18.2 BFL 4 4.4 53.8 
7 1.4 24.3 6 0.6 10.3 
14 3.2 100 7 0.0 57.0 
GRWS 4 0.0 3.1 MF 2 1.6 24.9 
8 1.0 18.9 4 3.6 59.6 
10 0.1 51.3 7 0.0 4.6 
X 0.6 X 4.4 
GRWE 4 0.0 8.0 TN 1 1.2 33.9 
7 2.4 13.8 3 4.5 24.0 
14 2.9 7.3 6 0.0 2.4 
GROT 3 3.0 43.0 9 4.6 36.5 
4 0.0 35.6 14 0.6 19.7 
7 0.4 5.3 17 0.8 
11 3.5 11.6 
* Nominal probability (xlOO) of the F ratio for testing the multiple QTL model against no genetic 
effect. t Nominal probability (xlOO) of the F ratio for testing the multiple QTL model against the 
best single region 
89 
Table 5.4 Summary of single QTL effects significant at a suggestive level 
Trait Chromosome F ratio Position Additive (se) Dominance (Se) 
BWT 7 6.4 119 -34.5 (16.5) -85.5 (28.6) 
X 5.4 0 48.5 (14.8) -0.5 (20.5) 
GRW 11 5.3 36 8.3 (2.6) 3.0 (4.0) 
GRS 1 5.9 78 -8.7(2.7) -4.6(4.1) 
4 12.5 42 13.3 (2.8) 7.3(4.1) 
10 7.1 1 10.8 (2.9) -2.2(4.1) 
GRE 3 5.1 53 14.8(5.1) 10.0(7.9) 
4 21.3 68 33.3(5.1) 6.7(7.2) 
6 5.1 54 17.4(5.5) 0.0(8.8) 
7 6.0 152 15.6(4.9) -6.8(7.1) 
14 5.2 43 15.7 (5.1) -5.9(7.4) 
GRWS 4 14.0 42 23.4(4.6) 11.2(6.7) 
10 8.5 0 19.0(4.7) -4.8(6.4) 
GRWE 4 18.2 68 39.9 (6.6) 9.7(9.4) 
14 8.0 48 29.0(7.3) -4.0(11.7) 
GROT 3 6.3 51 26.4 (8.6) 23.2 (12.8) 
4 11.9 68 44.2(9.1) 11.0(12.9) 
14 11.8 44 44.0 (9.2) -7.1(13.7) 
BFS 4 5.5 84 -1.58 (0.48) -0.07 (0.67) 
7 13.5 63 2.18 (0.47) -1.55 (0.68) 
BFM 2 8.5 73 -1.37 (0.33) -0.22 (0.53) 
4 8.1 81 -1.41 (0.35) -0.12 (0.48) 
7 40.7 63 3.00 (0.35) -1.27 (0.50) 
10 6.1 74 -1.25 (0.37) 0.43 (0.62) 
X 5.4 0 -0.56 (0.31) -1.26 (0.44) 
BFL 4 5.0 79 -1.11 (0.36) -0.43 (0.62) 
5 6.0 24 -1.02 (0.40) -1.71 (0.67) 
6 5.3 89 1.09 (0.34) -0.01 (0.49) 
7 37.6 64 2.90 (0.36) -1.68 (0.53) 
MF 4 6.2 82 -1.23 (0.35) -0.15 (0.48) 
7 39.2 63 2.86 (0.34) -1.41 (0.49) 
X 6.5 0 -0.70 (0.31) -1.29 (0.44) 
TN 3 6.3 94 -0.19(0.07) 0.24(0.11) 
4 6.5 41 -0.28(0.08) 0.02(0.11) 
17 7.5 0 0.19(0.07) 0.29(0.11) 
Additive effect of the Large White allele 
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5.3.4 Interactions 
The results of the analysis to detect an interaction between a QTL significant at the 
genome wide level and sex, grandparental combinations or F i sires are presented in 
Table 5.5. None of the QTLs showed a significant interaction with sex and only 
GROT on chromosome 4 showed a significant interaction with the grandparental 
combinations. The QTL effect varied considerably for GROT from -12.4g/day to 
77.7g/day. The standard errors for these values were large with only two effects 
significantly different from zero. GRS and GROT on chromosome 4 and BFM on 
chromosome 7 had a significant interaction between F 1 sires. Figure 5.1 shows the 
different QTL effects for each F 1 sire for GROT on chromosomes 4 and 14. Despite 
large differences between F 1 sire effects the interaction model for GROT on 
chromosome 14 was not a significant improvement on the standard model. In 
contrast the F 1 sire interaction model for GROT on chromosome 4 was significant at 
a nominal level (P=0.049). 
7 	 I 
5 	 I 
I 
3 	 II 
2 	 0Chromosorne14 
0 Chromosone 4 
-20 	 0 	 20 	 40 	 60 	 80 	 100 	 120 
QTL effect (glday) 
Figure 5.1 Different QTL effects between F1 sires for GROT on chromosomes 4 and 
14. Interaction model significant for the QTL on chromosome 4 but not 14 
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Table 5.5 Interactions between QTLs and sex, grandparental combinations and F1 
sires 
Probability of F 
Trait Chromosome Sex GP F 1 
GRS 4 7.7 57.1 3.5 
GRE 4 97.0 77.0 31.9 
GRWS 4 24.1 17.4 13.8 
GRWE 4 88.7 19.3 8.5 
GROT 4 81.9 3.5 4.9 
14 100 75.2 53.7 
BFS 7 94.2 12.4 11.6 
BFM 7 31.8 41.8 4.1 
BFL 7 86.1 39.3 15.1 
MF 7 87.8 28.3 5.4 
'The nominal probability (xlOO) of the F ratio obtained for various interactions: Sex, different QTL 
effect in males and females; GP, different QTL effect from each combination of grandparents; Fl, 
different QTL effect from each F! sire 
5.3.5 Two QTLs 
The results from fitting two QTLs are presented in Table 5.6. All chromosomes that 
showed significant effects for the single QTL model were highly significant for the 
two QTL model versus the null hypothesis of no QTL. The two QTL model was 
also significant at an individual test level versus the null hypothesis of a single QTL 
for a number of traits (GRS and GRWS on chromosome 4 and all the fat traits on 
chromosome 7). However, the significance threshold used in QTL mapping is far 
more stringent than the individual test level because of the multiple testing. The 
suggestive significance level, an F ratio of 5.0, is equivalent to an individual test 
probability level of 0.7% and the genome wide threshold of 9.0 is equivalent to an 
individual test probability level of 0.015%. Although the two versus one QTL 
model is significant at the suggestive and chromosomal level for BFS and MF on 
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chromosome 7 (0.3% and 0.2% respectively), the two QTL model versus a single 
QTL was not significant at the genome level (0.015%) for either of these two traits. 
Arguably the correct threshold to use for the two versus one QTL model is the 
chromosomal threshold because the search is not throughout the genome but simply 
searching for a second QTL on a given chromosome. The two QTL results for MF 
on chromosome 7 could be misleading. MF is not a measured trait but a trait created 
from three others (BFS, BFM and BFL) if these traits had different estimated 
positions the two QTL search may simply locate a QTL on two of the estimated 
positions. Referring back to Table 5.4 the one QTL search located QTLs in very 
similar positions (63 or 64cM) for all fat traits, so the results for MF are credible. 
The two versus one QTL model for the fat traits on chromosome 7 is supported by 
the results of the alternative genetic models (Table 5.3). The multiple versus single 
QTL test produced relatively low P values for BFS, BFM and MF (5.8, 5.9 and 4.6 
respectively). BFS, BFM and MF all fit two QTLs in very similar positions and 
although the results are not conclusive this provides strong evidence for a second fat 
QTL on chromosome 7. 
5.3.6 Confidence Intervals 
The confidence intervals for each of the QTLs, significant at the genome wide level, 
are presented in Table 5.7. The intervals produced by the 2 LOD drop were, on 
average, smaller then those produced by the bootstrap method. Some bootstrap 
confidence intervals were large because of the accumulation of analysed resamples 
at the end of the chromosome for GRS and GRWS on chromosome 4 and BFS on 
chromosome 7. The bootstrap confidence intervals for growth traits on chromosome 
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4 contained a common region (43-75cM) between markers S0001 and S0073. The 
data for fat effects on chromosome 7 created relatively small confidence intervals 
because of the large size of the effect. All bootstrap intervals for these traits 
encompassed a common region (60-66cM) between markers TNFB and SO 102. 
Table 5.6 Results from fitting two QTLs 
Probability of 	(xlOO) Estimates (Se) 
Trait Chromosome vs. 0 QTL vs. 1 QTL Location (cM) Additive Dominance 
GRS 4 0.0 4.9 40 12.6 (2.9) 8.2 (4.5) 
120 7.3 (3.0) 2.8 (4.7) 
GRE 4 0.0 5.5 45 16.9 (7.0) 0.4 (8.6) 
70 21.6(6.9) 7.2(8.3) 
GRWS 4 0.0 1.3 40 22.9 (4.7) 12.3 (7.2) 
120 14.1 (5.0) 8.3 (7.6) 
GRWE 4 0.0 5.8 45 21.9(9.1) 0.9(11.3) 
70 24.9(9.1) 9.5(10.8) 
GROT 4 0.0 24.3 45 19.2 (12.6) -9.4 (15.7) 
70 31.4(12.4) 15.9(14.8) 
14 0.0 23.8 25 -42.7 (25.2) 43.7 (29.9) 
40 76.4 (21.9) -35.9 (24.2) 
BFS 7 0.0 0.3 60 1.87 (0.44) -1.47 (0.63) 
150 1.45 (0.47) -0.82 (0.70) 
BFM 7 0.0 2.6 60 2.76 (0.34) -1.11 (0.47) 
150 0.64 (0.35) -0.94 (0.52) 
BFL 7 0.0 3.5 60 2.37 (0.40) -1.11(0.50) 
85 0.79 (0.42) -1.27 (0.53) 
MF 7 0.0 0.2 65 2.73 (0.35) -1.55 (0.51) 
150 1.05 (0.34) -0.72 (0.51) 
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Table 5.7 Confidence Intervals 
Trait Chromosome 2 LOD drop 95% Bootstrap CI 
GRS 4 30-55 33-124 
GRE 4 42-76 43-75 
GRWS 4 31-54 33-124 
GRWE 4 37-76 42-75 
GROT 4 39-78 42-79 
14 34-66 26-62 
BFS 7 48-72 51-152 
BFM 7 53-68 55-66 
BFL 7 56-69 60-67 
MF 7 55-69 60-67 
5.4 Discussion 
The analysis of the Meishan x Large White F2 population has provided strong 
evidence for QTL5 affecting fatness and growth traits. The results on chromosome 4 
clearly show a QTL affecting growth, significant at a genome wide level. The effect 
is consistent across growth traits in terms of percentage of variance explained, 
although the effect was not detected in GRW. The location is variable between 
traits. The earlier growth traits (GRS and GRWS) have the estimated position of the 
QTL at 42cM, periods of later growth (GRE, GRWE and GROT) have the estimated 
position at 68cM. It could be because of this difference in location that the multiple 
QTL model is significantly better than the single interval for some of the growth 
traits (Table 5.2). This is reflected in the two QTL search, where GRS and GRWS 
both fit two QTL at 40 and 120cM significantly better than the one QTL model, 
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albeit at the more relaxed nominal significance level. It is worth noting that for 
traits GRE, GRWE and GROT the best estimated locations of the two QTL were 
close to the two locations produced from the single QTL analysis in Table 5.3 (45 
and 70cM). The interaction results indicate that the QTL may only be in some 
families because of the variable effect of the QTL for GROT between grandparental 
combinations and F 1 sires (Table 5.5). As seen in Figure 5.1 the variation of the 
QTL effect between F 1 sires can be large even when no interaction is detected. Due 
to the fact that some F 1 sires had smaller numbers of progeny, QTL effects for these 
sires were not well estimated and it is difficult to extract information regarding QTL 
interactions from the data. The effects and position are similar to those obtained 
from the Swedish Large White x wild boar population (Andersson et al. 1994; Knott 
et al. 1998) and other Large White x Meishan populations (e.g. Moser et al. 1998). 
The effect on GROT on chromosome 14 has not previously been reported however a 
region on chromosome 14 has been shown to affect backfat, live weight and carcass 
weight (Rohrer & Keele 1998a; Rohrer & Keele 1998b). Other studies from the 
French Large White x Meishan population have also reported an effect on average 
backfat thickness (Bidanel et al. 1996; Milan et al. 1998). Although it is difficult to 
align maps from the information given in the publications, it would appear that the 
effects on chromosome 14 seen in the Roslin population are in a similar 
chromosomal region to the effects reported in these other studies. The results from 
the Roslin population indicate a single QTL fixed in the two alternate breeds 
explaining 88.4 g/day between the two breeds for GROT with the Large White 
alleles increasing growth rate. 
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In contrast the results on chromosome 7 are very surprising. The effects on fatness 
traits are very large and alleles are fixed within the two breeds but in the opposite 
direction to what was expected, in that Meishan alleles actually decrease fat. The 
position was similar for all fatness traits, which would be expected because the 
fatness traits are highly correlated. Both the multiple QTL versus single region test 
and the two versus one QTL test do suggest more than one QTL affecting fat and for 
both QTLs the beneficial alleles (low fatness) were from Meishan origin. The 
effects account for a difference of up to 6mm between breeds but in the opposite 
direction. Several groups (Bidanel et al. 1996; Moser et al. 1998; Rohrer & Keele 
1998a) have replicated this result although the cryptic nature of the alleles has 
caused a number of conflicting reports, e.g. Bidanel et al. (1996) versus Milan et al. 
(1998) using the same population. Although these results are surprising, the use of 
non-commercial breeds, lines or varieties to provide beneficial genetic material to 
industry is widespread, particularly with plant genetics (Tanksley & McCouch 
1997). Despite two breeds differing significantly for a number of traits it is highly 
unlikely that one breed would contain all the beneficial alleles for the trait of interest 
(Tanksley & McCouch 1997). Given the large geographical distance between some 
breeds, it is reasonable to assume that some alleles, by chance, would have been 
fixed before selective breeding occurred. These alleles can only be detected in 
crossbred populations between these divergently selected breeds. 
Although there is support for the multiple versus single interval model previous 
studies have highlighted that the power of detecting coupled polygenic variation is 
lower with higher marker densities. Visscher & Haley 1998 demonstrated that one 
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or two markers per chromosome were sufficient to detect polygenic variation. 
Fitting more than two markers reduces the power regardless of population size or the 
heritability of an effect. The marker coverage throughout the genome in the Roslin 
population is approximately one marker every 20cM. In this case Visscher and 
Haley (1998) found a loss in power of up to 10%. It is necessary to maintain high 
marker coverage to keep the information content throughout the genome sufficiently 
high. This is achieved at a loss in power for testing for polygenic variation. 
The size and direction of the effect means that the QTL on chromosome 7 is an ideal 
candidate for introgression and marker assisted selection. The latter would be 
particularly useful for Meishan hybrids which although benefit from superior 
reproductive performance, have only limited commercial use because of excessively 
high backfat measurements. The confidence interval produced for the QTL on 
chromosome 7 is relatively small for some fatness traits because of the high 
significance of the effect. The confidence intervals produced by the LOD drop 
method were larger than those from the bootstrap method for the QTL on 
chromosome 7 with the exception of BFS. The bootstrap method for the effect on 
BFS on chromosome 7 and the effect on chromosome 4 for GRS and GRWS 
produced confidence intervals to the end of the chromosome. This was because a 
large number of replicates accumulated at one end of the chromosome something 
that was previously observed in chapters 2 and 3. Previously, it was shown that 
resampled estimates at the position of markers have less evidence for the presence of 
a QTL so these intervals are excessively elongated at one end. Further to this 
explanation, all of the traits with excessively elongated bootstrap confidence 
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intervals provided some evidence of a second QTL. Clearly analysing bootstrap 
resamples for one QTL when the data indicates two QTLs is inappropriate. In these 
instances the estimated QTL position within a bootstrap resample would 
occasionally be at the point of the second QTL hence increasing the size of the 
confidence interval. 
These results are not the completion of a genome scan. Many chromosomes require 
markers to increase the coverage. Currently 30% of the genome remains outside the 
boundaries of the current marker set. The most obvious areas are chromosome 12 
where no marker information is available and chromosomes 16 and X where only 
one marker is present on each. Several other chromosomes have regions where 
information content is low because of the large spacing between flanking markers 
and a number of chromosomes require markers at the upper or lower regions to 
cover the entire chromosome. 
This work does provide a large basis for further investigation. Effects on both 
chromosomes 4 and 7 are of interest to commercial operations using Meishan 
synthetic lines but a more exact position and further understanding of the effects and 
mode of action would be required before the applied use of the findings. 
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Chapter 6 
Joint analyses of porcine chromosome 4 
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6.1 Introduction 
Several of the PiGMaP collaborators have produced QTL mapping resource 
populations based on crosses between genetically diverse populations. Together 
there are data on markers and performance traits on over 3000 F 2 animals. These 
data have only been analysed separately so far, but, in theory, joint analysis offers 
considerable potential to extract additional information from the data. For example, 
analyses of two or more similar populations can be used to confirm the presence of 
QTLs detected in one population. Joint analysis could potentially lead to more 
precise estimates of QTL analyses and effects and joint analysis could be used to 
examine differences in QTL effects in different populations. In practice there are a 
number of problems to be resolved before joint analyses can be performed. For 
example, different markers are used in different populations, the animals are reared 
in different environments and with different testing regimes and recording of traits 
differs between studies. 
This study was set up to establish what benefits, if any, could be obtained in practice 
from joint analysis of several data sets. Chromosome 4 was chosen as an initial trial 
as prior evidence from a number of studies (Andersson et al. 1994; Knott et al. 
1998; Wang et al. 1997; Moser et al. 1998) indicate that large effects would be 
found in a number of populations. Data were collected from PiGMaP participants in 
six different countries. 
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C- 
In practice many livestock QTL studies have failed to provide conclusive results 
because of the limitations to the number of animals that can be reared or genotyped. 
The joint analysis should alleviate this problem by providing the largest QTL 
mapping data set constructed from any livestock species. The study also provides a 
useful comparison between different populations, which is not always possible. 
Different research groups use contrasting statistical methods with which to conduct 
their analysis. With these variations it is often difficult to identify whether 
differences in the results are due to differing findings between experiments or due to 
the alternative statistical methods. The joint analysis allows the repeated application 
of one statistical method to all populations thus allowing a direct comparison 
between all populations. 
The previous chapter detected significant QTL effects on porcine chromosome 4 
within the Roslin population. This study will determine whether the effects reported 
from other studies are consistent with the Roslin. Further, it will allow a comparison 
between wild boar and Meishan studies because experiments in Sweden and 
Germany have used wild boar F 2 populations in contrast to the Meishan populations 
in France, America, Netherlands and Scotland. 
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6.2 Materials and Methods 
6.2.1 Data 
The source of the populations and the various crosses of which they consist is 
summarised in Table 6.1. All data from each country were classed as one 
population with the exception of the German data, which were split into Meishan 
and wild boar populations for the analyses. Individuals with no marker genotype 
information available were omitted from the analyses. Similarly animals missing 
trait data or data required to be used as covariates were also omitted from the 
analyses. This led to entire populations omitted from the analyses for some traits. 
Joint traits were only considered if they were measured, or could be calculated, in at 
least 3 different populations. Due to different testing procedures some phenotypic 
data differed between populations. This is summarised in Table 6.2. Birth weight 
was assumed to be measured the same and fat depth was measured at the end of the 
test period in all populations. 
6.2.2 Map construction 
The linkage map was produced using the BUILD option in Cri-Map (Green et al. 
1990). The marker order was calculated using the FLIPS command until the 
optimum arrangement of markers had been reached as determined by the LOD 
score. The complete sex-averaged map (Figure 6.1) used 31 markers spanning 
145cM and was in close agreement to previous studies (Archibald et al. 1995; 
Marklund et al. 1996; Rohrer et al. 1996). 
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Table 6.1: Source of material and breed cross for data used in the joint analysis 
with abbreviation for each population 
Source 	 Code 	Cross 
Roslin Institute (Edinburgh), Roslin, Midlothian, 	GB 	Large White x Meishan 
Scotland 
Institut National de la Recherche Agronomique, France 	FR 	Large White x Meishan 
Wageningen Agricultural University, Wageningen, 	NL 	Large White or Landrace x 
Netherlands 	 Meishan 
Iowa State University, Ames, Iowa, U--S- A 	U- -S Duroc -o- r Hamshire or -L-a- n--d-r-a-c- e 
x Meishan 
University of 1-loheriheim, Stuttgart, Germany 	 GER (ms) 	Pietran x Meishan 
GER (wb) 	Pietran x Wild Boar 
Swedish University of Agricultural Sciences, Funbo- 	S-W 	L- arge White x Wild Boar 
Lävsta, Uppsala, Sweden 
Table 6.2: Differences in test procedure and recording of information in different 
populations 
Population Weaning Weight Start of test End of Test 
FR 2lday weight 25 kg Females 150 days; Males 160 days 
GB Weaning weight 30 kg 80 kg 
GER(ms) 35 day weight 110 days 210 days 
US Weaning weight 110 kg 
NL Weaning weight 25 kg 85 kg 
SW 30 kg 70 kg 
GER(wb) --- 110 days 210 days 
6.2.3 Statistical analysis 
The statistical approach adopted for QTL analysis was that developed by Haley et al. 
(1994) for a cross between outbred lines, this was outlined in the previous chapter. 
The analysis is applied in two stages, first the probability of an F 2 offspring being 
each of the four QTL genotypes (QQ, Qq, qQ and qq) at each position in the genome 
is calculated conditional upon the marker genotypes. Secondly, a least squares 
model is applied to analyse the genetic model corresponding to the trait of interest. 
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This analysis assumes that QTL alleles are fixed within breeds, e.g. all chinese pigs 
carry the same QTL allele that is different to the QTL allele present in all Western 
pigs. All QTL analyses, including those of individual populations, used the joint 
map derived as described above. 
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Figure 6.1 Complete sex averaged map usedfor the joint analysis 
6.2.4 Least squares model fitted 
The model for all traits included sex and F 2 family nested within population as fixed 
effects. The weight at the start of the period was fitted as a covariate for growth 
traits and where applicable, feed treatment on test was fitted as a fixed effect for the 
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Swedish data. The model for mean backfat depth (FAT) included weight at end of 
test or slaughter as an additional covariate. Of all the traits analysed only birth 
weight (BWT), growth from birth to end of test or slaughter (GRE) and mean 
backfat depth were available from all populations. Traits requiring weaning weights 
(growth rate between weaning to start of test GRWS; growth rate between weaning 
and end of test or slaughter GRWE) omitted the two wild boar populations and traits 
requiring weights at start of test (GRWS and growth rate on test GROT) omitted 
both German populations and the American data. 
6.2.5 QTL analyses 
A series of differing analyses were applied to the data to detect QTLs and to further 
the understanding of the behaviour of the effect. 
6.2.5.1 Single population analyses 
Initially the chromosome was searched at 1cM intervals in each individual 
population regressing offspring phenotypes onto the coefficients of additive 
and dominance for one QTL. An F-ratio was calculated at each location 
between the model with a QTL versus the same model without a QTL. The 
best estimated position was taken to be the location with the largest F-ratio. 
6.2.5.2 Joint analyses, one QTL 
Phenotypic data were adjusted into residual standard deviation units for each 
population. This standardises the populations so no one population has a 
large influence on the results. The chromosome was searched as with the 
single population analyses. The analyses grouped Wild Boar and Meishan as 
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one fixed 'breed' and the Western breeds as another. The assumption of this 
analysis is that the QTL effect is the same in all populations 
6.2.5.3 Joint analyses, one QTL with population interaction 
To investigate whether the effect of the QTL was different in distinct 
populations, additive and dominance effects were estimated for each 
population separately. This model was compared with the model fitting no 
interaction at the estimated position from the one QTL analysis. This test 
produces an F-ratio with 2(n-2) degrees of freedom in the numerator, where 
n is the number of populations analysed. 
6.2.5.4 Joint analyses, one QTL with breed interaction 
To investigate whether the effect of the QTL was different in Meishan versus 
wild boar crosses, additive and dominance effects were estimated separately 
for each type of cross using the full data set at the estimated QTL position. 
This was compared to the single QTL model with no interaction at the 
estimated position from the one QTL analysis. This test produces an F-ratio 
with 2 degrees of freedom in the numerator. 
6.2.5.5 Breed analyses, one QTL 
QTLs having a different effect in Meishan versus wild boar crosses were 
analysed separately by splitting data into two groups. These were the 
Meishan populations and the wild boar populations. This differs from 
6.2.5.4 because the estimated QTL position can differ between the two 
groups. 
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6.2.5.6 Two QTLs 
A two-dimensional QTL search was carried out for growth between birth and 
end of test. This was only achieved with the one trait because of the large 
amount of time required to run such a search. Growth between birth and end 
of test was chosen because data were available from all populations and a 
number of analyses for individual populations produced bimodal 
distributions. It was the only trait with a consistently large effect and no 
interaction (see results). The position of one QTL was fixed while the other 
QTL was fitted at 5cM intervals along the chromosome. Upon reaching the 
end of the chromosome the 'fixed' QTL was then moved 5cM along the 
chromosome and the process repeated until all combinations had been 
covered. This was tested against the model fitting only one QTL (with 2 
degrees of freedom). 
6.2.5.7 Confidence Intervals 
Confidence intervals were only produced for growth from birth to end of test 
for the reasons outlined previously. Confidence intervals were produced 
using the bootstrap (Visscher et al. 1996). Due to the computing time 
required one hundred bootstrap resamples were used. Removing the top and 
bottom 2.5% of resampled estimates created the 95% confidence interval. 
6.2.5.8 Thresholds 
Following the findings of the previous chapter and the large amount of 
computing time that would be required to attempt permutation testing with 
this data set, the suggestive significance level was assumed to be an F-ratio 
of 5.0 and the genome-wide significance level an F-ratio of 9.0. 
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6.3 Results 
6.3.1 Single population analyses 
The results from the single population analyses are presented in Table 6.3. For each 
trait, in each population, the table provides the estimated position of a QTL. The F-
ratio and the additive effect of the Large White allele were calculated at the 
estimated QTL position. Only the French data contained evidence for a QTL 
affecting birth weight. Both the French and the Swedish data contained significant 
evidence at a genome level for a QTL affecting fat. This was in a similar position 
(74 and 83 cM respectively) but the effect was very different between the two 
populations (-1.12±0.18mm and -2.39±0.42mm). The QTL in the Scottish fat data 
was only significant at a chromosomal level with a similar position (90cM) to the 
other studies and an effect closer to that seen in the French data (-1.37±0.39mm). 
Although not significant the analysis of the German wild boar data produced an 
estimated QTL position and effect similar to these other studies (75cM and 
—1. 1 1±0.40mm). 
All populations showed some evidence for a QTL affecting growth rate. The period 
where data were available in all populations (birth-end of test or slaughter) produced 
reasonably consistent results in all populations. The estimated QTL position varied 
between 60cM in the Swedish population to 99cM in the German Wild Boar 
population, which interestingly encompassed the region of estimated positions for 
the effect on fat. The QTL effects varied from 12.1±4.9g/day in the Dutch 
population to 34.4±5.2g/day in the Scottish population, however the evidence for a 
QTL in the American and Dutch populations were not significant. 
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Table 6.3: Results from the individual population analyses. For each trait in each 
population the best estimated position is stated with the F-ratio and additive effect 
of the Western commercial allele at that position. 
Trait BWT GRW GRS GRE GRWS GRWE GROT FAT 
FR F-ratio 13.1 3.5 4.9 10.5 8.1 16.4 10.9 18.8 
Position 75 20 96 89 89 84 72 74 
Effect 50g 3.2g/d 5.8g/d 14.6g/d 9.6g/d 21.1g/d 25.Ig/d -1.12mm 
se 10 2.1 2.2 3.6 2.6 4.0 6.0 0.18 
GB F-ratio 1.7 2.4 12.8 21.3 13.8 20.1 14.7 6.4 
Position 145 84 56 78 56 78 78 90 
Effect -lOg -1.Og/d 12.5g/d 34.4g/d 24.1g/d 43.4gId 51.7g/d -1.37mm 
se 17 2.7 2.9 5.3 4.9 6.8 9.5 0.39 
GER(ms) F-ratio 2.6 2.4 --- 9.0 --- 9.0 --- 4.1 
Position 3 38 --- 75 --- 75 --- 43 
Effect 38g -6.4g/d --- 19.1g/d --- 39.4gId --- +1.28mm 
se 25 3.2 --- 5.0 --- 10.4 --- 0.47 
US F-ratio 2.7 3.3 --- 2.8 --- 5.1 --- 0.9 
Position 19 75 --- 83 --- 84 --- 93 
Effect -14g -5.6gId --- 15.4gId --- 31.1g/d --- -0.26mm 
se 47 3.8 --- 8.0 --- 10.0 --- 0.68 
NL F-ratio 4.7 1.5 8.1 3.4 9.8 4.3 2.8 2.0 
Position 92 94 49 88 45 88 39 87 
Effect 22g -1.5g/d 5.1g/d 12.1g/d 10.6gId 17.8g/d 20.1gId 0.32mm 
se 12 2.5 3.5 4.8 6.0 6.2 10.6 0.25 
SW F-ratio 2.5 --- 8.0 7.5 --- --- 5.0 15.9 
Position 47 --- 61 60 --- --- 92 83 
Effect 47g --- 15.5gId 16.6g/d --- --- 31.7g/d -2.39mm 
se 22 --- 4.0 4.4 --- --- 10.7 0.43 
GER(wb) F-ratio 1.6 --- --- -- 4.7 ----------- -----------------------------------   4.0 
Position 122 --- --- 99 --- --- --- 75 
Effect -47g --- --- 21.0g/d --- --- --- -1.11mm 
se 31 --- --- 6.9 --- --- --- 0.40 
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Table 6.4: Results from the joint analyses of the chromosome 4 data. For each trait 
the best estimated position is stated with the F-ratio of the QTL at that position. The 
effects were calculated by the residual standard deviation multiplied by the additive 
effect of the Western commercial allele. The same additive effect for all populations 
is used if the interaction model is not significantly better than the model with no 
population interaction. The interaction model was significantly better for FAT and 
GRS therefore the additive effects used to calculate the effect of the Western 
commercial allele were different for each population. 
Trait 	BWT GRW GRS GRE GRWS GRWE GROT FAT 
Joint 	F-ratio 	9.6 	4.3 	19.7 	39.4 	20.4 	41.3 	22.8 	24.8 
Position 85 38 58 81 61 81 81 86 
F (mt vs no QTL) 2.6 1.5 9.0 6.9 8.8 9.8 6.6 5.9 
F(lntvNolnt) 1.4 0.5 5.4 1.5 2.9 1.8 1.2 2.6 
P(IntvNolnt) 0.164 0.868 0.000 0.12 0.022 0.06 0.300 0.002 
Effect 	FR 26g -3.lg/d 5.2g7d 20.3g/d 10.6gId 25.2g/d 27.6g/d -1.23mm 
se 6 1.4 2.7 2.3 2.8 2.8 4.2 0.20 
GB 289 -2.9g/d 13.Og/d 26.6gId 26.2gId 29.2g/d 31.5g/d -1.41mm 
se 6 1.3 2.2 2.3 5.6 3.2 4.7 0.46 
GER(ms) 359 -2.6g/d --- 16.6g/d --- 21.7gId --- 0.15mm 
se 8 1.2 --- 1.9 --- 2.4 --- 0.35 
US 30g -2.9g/d --- 17.6g/d --- 24.3g/d --- -0.0 1mm 
se 7 1.3 --- 2.0 --- 2.7 --- 0.86 
NL 21g -2.7g/d 4.6g/d 17.7g/d 1 1.lg/d 25.6gId 23.7gId -0.19mm 
se 5 1.2 3.8 2.0 5.8 2.8 3.6 0.25 
SW 23g --- 9.5g/d 11.9g/d --- --- 22.3gId -2.57mm 
se 5 --- 5.1 1.3 --- --- 3.4 0.49 
GER(wb) 29g --- --- 12.7g/d --- --- --- -1.20mm 
se 7 --- --- 1.4 --- --- --- 0.50 
6.3.2 Joint analyses, one QTL with and without population interaction 
The results from the joint analyses are presented in Table 6.4. Positions and F-ratios 
are given as in Table 6.3. The effects were calculated by the residual standard 
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deviation for that particular population multiplied by the additive effect. The same 
additive effect for all populations was used if the interaction model was not 
significantly better than the model with no population interaction. The interaction 
model was significantly better for FAT, GRS and GRWS therefore the additive 
effects used to calculate the effect of the Large White allele were different for each 
population. 
The joint analysis for GRW did not find any evidence for a QTL, however the 
analysis for all other growth traits did show evidence for a QTL. The estimated 
positions for earlier growth (GRS and GRWS) were 58 and 61 cM respectively. The 
analyses incorporating later growth (GRE, GRWE and GROT) positioned the QTL 
further along the chromosome at 81cM in all studies. The estimated positions for 
both BWT and FAT were similar to that of later growth (85 and 86 cM) 
respectively. 
6.3.3 Joint analyses, one QTL with breed interaction 
Only the analysis of FAT indicated a significant difference (P<0.05) of the QTL 
effect between the wild boar and Meishan breed. The effect of the QTL in wild boar 
populations was -0.61±0.10 residual standard deviations (Sweden -2.08mm; 
Germany -1.87mm) and within Meishan populations -0.23±0.04 residual standard 
deviations (Britain -1.05mm; France -0.74mm; America -1.25mm; Germany 
-1.07mm; Netherlands -0.62mm). From the analyses of GRE and BWT the effect of 
the QTL is not significantly different between Meishan and wild boar populations 
(in residual standard deviation units). 
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Table 6.5: Results from the separate analyses of the Meishan and wild boar data. 
For each trait in each population the best estimated position is stated with the F-
ratio of the QTL at that position. The effects are calculated by the residual standard 
deviation multiplied by the effect of the Western commercial allele. The same 
additive effect for all populations is used if the interaction model is not significantly 
better than the model with no population interaction. 
Trait 	BWT GRW GRS 	GRE GRWE GRWE GROT FAT 
Meishan 	F-ratio 	10.1 	4.3 	16.4 	33.1 	20.4 	41.3 	20.0 	12.4 
Position 	82 	38 	81 	81 	61 	81 	78 	87 
F (int vs no QTL) 3.7 1.5 10.9 8.5 8.8 9.8 8.0 4.7 
F (mt v No Int) 2.1 0.5 7.9 1.8 2.9 1.8 1.8 1.7 
P(IntvNo Int) 0.030 0.868 0.000 0.058 0.022 0.060 0.12 0.073 
Effect 	FR 469 ------- f2 -. gild 19.8 gld 10.6g/d 25.2gId 27.lgId -0.65mm 
se 9 1.4 2.7 2.5 2.8 2.8 4.4 0.13 
GB -12g -2 .9 gld 4.6g/d 20.1gId 26.2g/d 29.2g/d 30.9g/d -0.93mm 
se 15 1.3 2.1 2.5 5.6 3.2 5.0 0.19 
GER(ms) -4g -2.6g/d --- 16.1g/d --- 21.7g/d --- -0.95mm 
se 20 1.2 --- 2.0 --- 2.4 --- 0.19 
US 30g -2.9g/d --- 17.0g!d --- 24.3g/d --- -1.10mm 
se 23 1.3 --- 2.1 --- 2.7 --- 0.22 
NL 20g -2.7g/d 4.5g/d 17.2g/d 11.1gId 25.0gId 23.3g/d -0.55mm 
se 11 1.2 3.8 2.1 5.8 2.8 3.8 0.11 
Wild 	F-ratio 1.0 --- 8.0 9.8 --- --- 5.0 17.7 
Boar 
Position 130 --- 61 60 --- --- 92 82 
F(intvsnoQlL) 1.3 --- --- 5.8 --- --- --- 9.5 
F(IntvNolnt) 1.4 --- --- 1.9 --- --- --- 1.2 
P (Int 	No Int) 0.238 --- --- 0.155 --- --- --- 0.294 
- Effect 	SW -16g --- 15.5g/d 13.5g/d ------------------------------ --  3-1-.-7-g- /d -1.94mm 
se 13 --- 4.0 3.0 --- --- 10.7 0.32 
GER(wb) -20g --- --- 14.4g/d --- --- --- -1.74mm 
se 16 --- --- 3.3 --- --- --- 0.29 
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6.3.4 Breed analyses, one QTL 
The results from analysing the Meishan and wild boar populations in two separate 
groups are presented in Table 6.5. In the Meishan analyses all estimated positions 
were similar to those calculated in the joint analyses with the exception of GRS. 
Only the analyses of BWT, GRS and GRWS had significantly (P<0.05) improved 
models when an interaction between the QTL effect and the population was fitted. 
The individual analyses of the wild boar data did not detect a QTL affecting birth 
weight. Both GRS and GROT were only recorded in the Swedish population so the 
results for these two traits are identical to the individual analyses of the Swedish 
population. The results of the analyses for FAT were similar to those produced from 
the joint analyses and the Meishan group analyses with respect to position however 
the additive effects were larger. The results for GRE indicated a QTL at 60cM 
compared with 80cM from the joint and Meishan analyses. The effects were also 
smaller compared to the other studies. The interaction with population did not 
significantly improve the model for any of the traits. 
6.3.5 Two QTLs 
The two QTLs model for GRE placed QTLs at 10 and 80cM. This was not a 
significant improvement on the one QTL model (P=0. 12). The effects of the QTLs 
were 0.07 residual standard deviations with a standard error of 0.04 and 0.30 





































6.3.6 Confidence Intervals 
The 95% confidence interval produced from the 100 bootstrap resamples was 34cM 
wide and encompassed the area between 64 and 97 cM. This is the area between 
markers SW2128 and GBA. The two LOD drop (Lander and Botstein 1989) gave a 
confidence interval of 16cM in the area between markers S0023 and ATP1B1 (72-
88cM). The distribution of the test statistic and the histogram of bootstrap estimates 
for GRE are presented in Figure 6.2. 
Figure 6.2 Graph of test statistic and histogram of bootstrap estimates for GRE. 
Some markers have been removed from the x-axis for the sake of clarity. All 31 




The analyses of the data are the largest QTL scans performed in livestock 
populations. Despite this the data still leaves a number of questions unanswered 
regarding the QTLs on chromosome 4. This in part is due to variation in data 
between populations. Ideally all populations would have measured the same traits 
and genotyped for the same markers, this proves very difficult in practice. A 
number of the projects were funded by, and in some cases undertaken by industry 
bodies. In these situations it is only natural that the project is established to replicate 
testing procedures within that country. This explains the heavier slaughter weights 
in the American populations (110 kg) and comparatively lower weights achieved in 
European populations (80 kg). Further to this the wild boar populations grow 
much slower in comparison to the Meishan equivalent. To achieve high target 
weights with these populations would require test over a substantially longer period, 
at a high economic cost to the experiment. 
There are various reasons for differing markers used between populations. Most 
groups prefer to genotype markers developed within their own laboratories because 
they are more familiar with the optimisation process for the individual marker. Also 
not all markers will show segregation in all F 2 populations, to maximise the 
information content it is reasonable to use markers that are heterozygous in the 
generation. The best markers to satisfy this requirement may vary between 
populations. 
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A significant effect for BWT was only present in the French population, no effect 
was detected in the wild boar population or any of the other Meishan populations. 
Without the conformation from other populations few conclusions can be drawn 
regarding an effect for BWT on chromosome 4. The data for FAT is more 
conclusive despite no significant evidence for an effect in the American and Dutch 
populations. The populations with significant evidence for a QTL affecting FAT all 
located the QTL within a similar region. The results from the interaction models 
suggests this QTL has different effects in the wild boar and Meishan populations, 
with the effect in the wild boar significantly larger than the effect observed in the 
Meishan populations. One possible environmental cause for the variation of the 
QTL affecting fat is feeding regime. It is currently unknown which animals were 
fed a restricted or ad libitum diet, a factor that would significantly influence this 
trait. 
Evidence for QTLs affecting growth appears in nearly all the populations but not 
always in a consistent period. Growth periods are not identical between populations 
and therefore comparisons between time periods in different populations are not 
valid. Despite this there is strong evidence that a QTL effects in particular later 
growth (post weaning) and explains up to 1 OOg/day difference between the Western 
and non-commercial breeds. 
In both cases (fat and growth) the beneficial alleles (low fat, high growth) were from 
a Western commercial origin with the undesirable effects always associated with the 
Meishan and wild boar breeds. 
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The benefits to the joint analysis are relatively easy to see despite the fact that the 
data do not provide a complete explanation of all the QTL effects on chromosome 4. 
This is clearly the largest QTL mapping data set ever analysed for livestock. Due to 
the size of the data set any undetectable errors that may appear within individual 
populations are diluted and have less influence on the answers. It also allows a 
direct comparison of the data from all populations because all analyses used the 
same statistical method. Conversely some data sets would more appropriately be 
analysed by alternative methods, in these cases it is expected that the results from 
these populations may to some extent be affected by the statistical method. 
The main advantage is the evidence for a particular QTL can be substantially 
increased with the extra information. This is apparent from comparing F ratios from 
the single population analyses to those produced from the joint analysis of the same 
trait. In the majority of cases the F ratio in the joint analysis is substantially higher 
than that from the single population. This has subsequent effect on the confidence 
intervals, which are typically smaller in the joint analysis for all populations with the 
exception of the Scottish data (Figure 6.3). Confidence intervals from all 
populations and the joint analysis share a common region of chromosome 4 between 
markers SW871 and S0073 (63-84cM). It is within this region that the QTL 
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Figure 6.3 Bootstrap confidence intervals for GRE from individual population 
analyses and the joint analysis. 95% confidence intervals are marked with the 
thinner lines and 90% confidence intervals are marked with the thick lines. Some 
markers are removed from the x-axis for the sake of clarity. 
The benefits of the joint analysis do not have to be restricted to pig populations. 
Information for QTL mapping is often difficult or expensive to collect and many 
studies lack sufficient animals to provide adequate power to detect QTLs. The cost 
of genotyping and maintaining commercially unviable populations is often 
prohibitive for many studies, in these cases combining data benefits research 
substantially. This is particularly true with human genetics where the findings are of 
large scientific interest but the collection of data is difficult and populations cannot 
be bred to order. 
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It would be beneficial for those studying similar effects in other populations if 
results were reported so other studies could easily combine their data. One method 
of achieving this could be the reporting of regression coefficients of markers from 
the regression of phenotype on marker type. Using the equations of Whittaker et al. 
(1996) it would be possible to recreate the test statistic across the chromosome and 
the data could easily be combined, e.g. adding test statistics at equivalent points. An 
example of this is demonstrated in figure 6.4 where the summed test statistics are 
compared with the joint analysis with population interaction and the standard joint 
analysis. The summation of test statistics is achieved by adding the F-ratio produced 
by each individual population at a set position. This is repeated across the whole 
chromosome to create the distribution of the summed test statistics. Note that the 
test statistics are standardised for the degrees of freedom. The difference between 
the lines for the joint analysis and the joint analysis with population interaction is 
because the interaction model allows the effect to vary between populations. The 
difference between the lines for the interaction model and the summed data is due to 
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Figure 6.4 Comparison of alternative methods of combining data. Test statistics 





Although the basic methodology behind QTL mapping has been known for many 
decades, the widespread application of the methods has had to wait for the boom in 
both computing and marker technology. It is therefore not suprising that most papers 
on the subject of QTL mapping in pigs have been published within the last five 
years. Currently many other studies are completing genotyping to accomplish 
genome scans for QTL and these studies will doubtless appear over the next few 
years. 
Future genome analysis will be assisted by the development of new types of markers, 
in particular AFLPs and more recently single nucleotide polymorphisms (SNPs). 
SNPs are not currently commonplace in mapping studies but are starting to be used 
for human genome mapping studies, e.g. Wang et al. (1998). Inevitably porcine 
genome mapping will follow in the footsteps of the human genome project and this 
relatively new technology will become more widely used. SNPs are biallelic and 
therefore the information content is relatively low in comparison to microsatellites 
but does mean that genotyping requires only a plus/minus assay rather than a length 
measurement, permitting easier automation (Kruglyak 1997). The main advantage is 
their abundance, estimated at 1 per 1,000 base pairs, (Kruglyak 1997) making them 
invaluable for more detailed mapping. 
AFLPs and SNPs will be an important resource for the future. The current scan of 
the porcine genome at Roslin was limited by the number of markers typed within the 
time constraints of the PhD and not because of the lack of suitable markers within 
certain regions. SNPs because of their abundance will clearly be of more use for the 
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finer scale mapping of the future, currently relevant to the more advanced human and 
mouse genome projects. 
Many areas of QTL study still remain unexplored, which was demonstrated in 
chapters two and three. Confidence intervals remain the most suitable method to 
narrow down the search for genes and gain more accurate positional estimates for 
QTLs. It is therefore suprising that there is no widespread agreed method of 
calculating confidence intervals. The earliest suggestion of the LOD drop (Lander 
and Botstein 1989) now seems to be unsuitable for use given the finding of Visscher 
et al. (1996). Despite this, the LOD drop method does remain widely used in QTL 
mapping experiments, perhaps more a reflection of the number of people using 
publicly available software which automatically produces confidence intervals using 
the LOD drop rather than a conscious decision to choose one method over others. 
The exact confidence interval to use remains very subjective, commonly a 95% 
confidence interval is given although in practice this would mean losing one in 
twenty QTL5 at the first stage of analysis, a figure which for most would be too high. 
The reality of the situation is that the 95% confidence interval is given but for future 
work a slightly larger area is used as a precautionary measure although this does 
depend on the relative positions to informative markers. 
The non-parametric bootstrap proposed by Visscher et al. (1996) remains one of the 
most reliable methods of producing confidence intervals despite the findings that the 
confidence interval is very conservative when the QTL is positioned at a marker, in 
practical terms this at least errs on the side of caution. The thorough testing of the 
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bootstrap in chapter two produced reassuring results and highlighted the advantage of 
distribution free methods because no assumptions are required about the distribution 
of the test statistic to gain these accurate results. The work studied a very simple 
population structure of a backcross population produced from inbred lines. In 
livestock industries more complex pedigrees exist, which complicate the bootstrap 
procedure. In addition the model fitted may change according to the individuals 
selected by the bootstrap, e.g. a particular level of a fixed effect may not be 
represented. In these circumstances it may be more appropriate to bootstrap within 
levels of a particular fixed effect, e.g. within family. 
The results of the non-parametric bootstrap were complemented by the poor 
performance of the parametric equivalent. The added advantage of simulation is the 
full understanding of the model used to create the data. In practical circumstances 
we are unable to have this extra insight and have only parameters calculated from the 
population. Even with this additional information the parametric bootstrap was 
clearly unsuitable for calculating confidence intervals because of the large 
fluctuation from conservative intervals at the location of a marker to anti-
conservative intervals midway between markers. 
The explanation for the fluctuation in accuracy from the parametric bootstrap and the 
conservative estimates at the location of a marker when using the non-parametric 
bootstrap still remains unknown. Chapter 3 highlights some of the potential causes 
of inaccurate confidence intervals. It must of course be remembered that practical 
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data presents typically only one replicate so the implications to real data sets are 
limited. 
Suprisingly selecting the replicate and/or the bootstrap resamples, by removing 
populations without significant evidence of a QTL, does not have a major effect on 
the accuracy of the confidence interval but does decrease the size of the confidence 
interval in agreement with Lebreton & Visscher (1998). The selective or double 
selective bootstrap does not remove the conservative estimates at markers produced 
from the non-parametric bootstrap and does not remove the fluctuations in accuracy 
from the parametric bootstrap. A second QTL on the chromosome does enlarge 
confidence intervals when in a different marker interval and also decreases the 
accuracy of the interval for any one QTL. It is unlikely that this decrease in accuracy 
of the bootstrap caused by a second QTL is responsible for the variation in the 
accuracy seen when the QTL position was moved along the chromosome. In 
practice preliminary analyses should determine how many QTLs are present along 
the chromosome and then the bootstrap can be applied accordingly. 
The more interesting findings of chapter three were that of the distribution of 
estimated positions when no QTL5 were simulated and overall positional bias within 
interval mapping. The boundary effects of the end of the chromosomes have been 
reported before (Hyne et al. 1995) however the accumulation of replicates at markers 
has not been previously published. The equations of Whittaker et al. (1996) allow 
the calculation of the probability of an estimated position being located at a marker, 
but it is unclear how such information could be used. With experimental data and 
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few replicates the effect would probably be ignored, however simulation studies 
using large numbers of replicates or setting thresholds could be greatly affected. The 
latter, when using the Churchill and Doerge (1994) permutation test, analyses many 
permutations of the same population. The data is permuted to remove any 
association between genotype and phenotype. The analysis of these replicates, with 
little or no evidence for a QTL, produce estimated QTL positions at the location of 
markers albeit with a lower test statistic and hence artificially bias thresholds 
downwards. The idea of a set rigid threshold is perhaps slightly unrealistic, the 
origin of thresholds in QTL mapping was to reduce the number of false positive 
results produced from the multiple testing. In reality as the information regarding 
locations of QTLs has accumulated, prior information can be used in many QTL 
scans. The threshold at previously identified locations, e.g. region around S0001 on 
chromosome 4 from Andersson et al. (1994), would be lower as it is more 
appropriate to look at the effects associated with the region rather than asking 
whether a QTL exists. 
The bias in overall mapping position is relatively small (+1- 3cM) considering the 
confidence intervals are typically in excess of 35cM for the parameters used to study 
the bias. There are also more serious sources of error within a QTL mapping 
experiment, e.g. blood collection, genotyping errors or animal misidentification, and 
a small effect in the method is unlikely to be too influential when running a QTL 
scan experiment. This would be different had the goal been fine mapping. 
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The maps produced for the QTL study were in close agreement to the consensus 
maps previously published. This is slightly suprising because many of the consensus 
maps positioned markers from very few animals, substantially less than the 390 
animals used in this study. It must also be remembered that a linkage map is not an 
exact chromosome map because the linkage map is built from recombination events. 
There is less recombination around the centromere of the chromosome so markers in 
this region are much closer together. The increased recombination at the telomeric 
regions of chromosome means that markers are more widely spaced and a 
recombination 'hot spot' creates bald patches on the chromosome devoid of markers. 
The F2 data were ideal for QTL mapping showing large variation in the traits to be 
studied. This is most obvious in mid-back fat depth where measurements ranged 
from 7mm, a depth that is typically produced on a restricted feed Western 
commercial farm from a terminal sire breed, e.g. Large White, to the excessively fat 
44mm, a fat depth more common to Meishan sows. With the benefit of hindsight the 
testing design could be improved. The animals were entered onto test at an 
individual target weight of 3 0kg. Animals were penned in single sex pens of four but 
came off at a set pen weight of 320kg. In an ideal world each animal within the pen 
of four would then weigh 80kg but this is an F 2 population from a highly divergent 
cross. In this population the faster growing pigs i.e. Large White 'types', finish test at 
heavier weights compared to the slower growing animals, so although the mean pen 
weight remains 320kg the individual animal weights deviate significantly from 80kg. 
This is problematic when fitting effects for weight at end of test as this inadvertently 
adjusts the data for growth rate. 
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Future experiments could avoid this problem with the introduction of individual 
feeders and the new criteria that all pigs are kept until all animals have reached the 
target weight. The individual feeders mean that the weight closest to the target can 
be taken for each animal and thus avoid the previous problems. 
The mapping of the pig genome produced many interesting results. The effects on 
chromosome 4 correspond to the earlier studies from the wild boar crosses 
(Andersson et al. 1994; Knott et al. 1998). Interestingly this study produced more 
evidence for an effect on growth rate compared to fat depth, which only bordered on 
significance. The possibility remains that the same gene may be affecting both traits 
because the positions are similar but this is difficult to test from the data produced. 
The effects on chromosome 7 are of widespread interest because of the potential 
benefit to be gained in commercial breeds from the Meishan alleles. The effects on 
fat depth are substantial (6nim between breeds) but it is unlikely that fixing a 
commercial breed for Meishan alleles would have an effect of this size given that 
many commercial pigs are slaughtered with 6-8mm of backfat. These effects on 
chromosome 7 would be most beneficial to companies using Meishan hybrids to 
obtain the high reproductive rates from the Chinese breeds. However, substantially 
decreasing the fat depths may have an effect on reproduction, as it is believed that a 
biochemical feedback mechanism may limit reproductive performance when fat 
depths are low (Kerr & Cameron 1995) which would relinquish the benefit of the 
Meishan breed. 
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The effect on growth rate on chromosome 14 has not been widely reported within the 
literature. Much more work and confirmation is required to obtain information about 
this effect. This information may come from the completion of other QTL scans as 
many studies began genotyping markers in areas where previous publications had 
indicated effects were present. In these circumstances markers of chromosome 14 
were of lower priority as studies often concentrated initial efforts on chromosome 1 
(ESR), chromosome 4 (fat and growth), chromosome 6 (halothane) and chromosome 
7 (fat). As studies continue the mapping projects onto other chromosomes it will be 
of interest to see if their findings are in agreement with this work. 
An example of comparing different studies was achieved in chapter six combining 
data from six different locations. This demonstrated the large benefits of joint 
analysis. Problems were encountered because of different markers and differing 
traits measured across populations and if such a study was to be repeated it would be 
beneficial to standardise, where possible, these variables prior to the analysis. 
Nonetheless the joint analysis allowed a direct comparison of data from many 
different populations and provided the largest animal QTL mapping population. If 
QTL mapping experiments are to progress and provide more accurate estimates of 
both QTL effect and position it is this size population, only possible with 
collaboration, that will be providing the answers. Confidence intervals from this 
population were in many cases substantially smaller compared to those achieved 
from single population analyses and the significance of the results were far in excess 
of what can realistically be achieved from relatively small individual populations. 
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The joint analysis can also be used to extract additional information from data. This 
can be achieved by several methods. Individual populations without significant 
evidence for a QTL can be combined with populations with evidence for a QTL to 
test whether the data supports the QTL despite not being significant. This was 
demonstrated with the data for birth weight. Only the analysis of the French 
population indicated the presence of a QTL but the combined data were significant 
indicating individual populations supported the presence of a QTL. Alternatively, 
individual populations may not contain significant evidence for a QTL but when the 
data are combined the joint population indicates a QTL. This is achieved because of 
the additional power provided by the substantial increase in population size. 
The analysis of the Roslin PiGMaP population and the joint data used the standard 
least squares approach for a cross between outbred lines (Haley et al. 1994). 
Alternative methods could be used to analyse this data and could produce different 
results or give extra information. One approach is maximum likelihood, but this is 
unlikely to produce anything above that achieved by the least squares approach as 
several studies have demonstrated results from the two methods are very similar, e.g. 
Haley & Knott (1992). On the contrary the use of maximum likelihood would 
increase the complexity of maths and significantly increase the computational time. 
More recently the application of Bayesian mathematics has been applied to mixed 
major gene-polygenic inheritance models in animal populations (Janss et al. 1995). 
This has successfully been applied to pig populations to detect major genes (Janss et 
al. 1997) and also to map QTLs (de Koning et al. 1998). The approach uses Gibbs 
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sampling for computing marginal posterior distributions. Gibbs sampling has a 
number of advantages over conventional frequentist methods in that it allows the use 
of looped pedigrees and the incorporation of more complex relationships highlighted 
by Janss et al. (1997). The mapping method by de Koning et al. (1998) uses the 
major gene frequencies estimated by Janss et al. (1997) but is very sensitive to 
genotyping errors (de Koning et al. 1998) as this contributes to the assignment of the 
incorrect major gene genotype. This method differs considerably from the one used 
in the Roslin PiGMaP population because it does not assume genes fixed within each 
breed so can detect genes with a smaller frequency within the population. 
It is of interest to compare the approach of Janss et al. (1997) with the results from 
the Roslin PiGMaP population. The effects on chromosomes 4 and 7, in theory, 
should clearly be identified as a major gene. The magnitude of the effects estimated 
from the two methods would be an interesting comparison of the two different 
approaches. The maGGie suite of programs developed by Luc Janss for previous 
studies, e.g. Janss et al. 1997 are now available and will be applied to the Roslin 
data. 
Undoubtedly a number of questions remain regarding QTL mapping. Many initial 
porcine genome scans are approaching completion and it is interesting to see what 
steps, if any, are taken to pursue the initial results. One approach is backcrossing to 
the commercial breed to investigate whether the effect differs when in a different 
background genotype. This approach would also assist more detailed mapping of the 
effect, which would aid further studies. These further studies would include a 
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candidate gene hypothesis, which typically uses information from the more advanced 
genome maps, e.g. human and mouse although the latter is somewhat less useful 
because of the substantially larger genetic distance between mouse and porcine 
genomes compared to the human-porcine comparison. 
The location of the effects on porcine chromosome 4 correspond to a breakpoint in 
the human comparison. The lower portion of the region is homologous to 1p13-1q22 
in the human genome. The upper portion of the region is homologous to 8q 11 -8q24 
(Wakefield & Graves 1996). Within these regions the human genome mapping 
project has detected many hundreds of genes. The confidence interval is far too large 
to suggest any particular gene or group of genes as candidates. Even the relatively 
smaller confidence intervals from the joint analysis are too large to be able to 
identify individual genes as candidates. The region on chromosome 7 is of suitable 
size to allow a more precise estimate of potential candidate genes. Unfortunately it 
lies at the major histocompatibility complex, a very gene rich area analogous to 
6p2l -6p24 in humans and chromosome 17 in mice (Wakefield & Graves 1996). It is 
difficult to identify a particular gene within this very gene rich area responsible for 
these effects but there have been strong potential candidates from pig studies. These 
include the porcine colipase gene (Baskin & Pomp 1998) and a lesser candidate 
prolactin (Vincent et al. 1998), which appears to map to a slightly different region of 
chromosome 7. The effects on chromosome 14 are homologous to regions on human 
chromosomes 10 and 12 but similar to the effects on chromosome 4 the confidence 
interval is too large to pinpoint any particular gene or genes. 
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The homologous regions to the effects on porcine chromosomes 7 and 14 are located 
across many different chromosomes in the mouse (Wakefield & Graves 1998). This 
demonstrates the problems of trying to use the mouse as a model for comparative 
genome mapping. Currently, to ascertain the homologous regions in mice from pigs 
it is necessary to work through the human genome first because previous painting 
studies have studied synteny between humans and pigs (Rettenberger et al. 1995). 
Only few references have included the extension required to the mouse genome 
(Johansson et al. 1995). 
It is difficult to assess the future steps to be taken from the finding of this work 
without clear aims of how the information would be used. Many studies have 
illustrated the short term gain at the expense of long term response with selection of 
identified loci (Gibson 1994) and marker assisted selection studies have 
demonstrated problems of losing the effects during an introgression programme if 
markers are not fully informative (Van Heelsum et al. 1997). Given this work it is 
currently uncertain whether marker assisted selection has the potential to benefit 
producers, especially considering the high cost of implementing such a scheme 
although this area requires further study. It is startling that many mapping studies are 
near completion and numerous results have been reported in the last five years 
compared to the relatively few papers on marker assisted selection typically referring 
back to a paper nearly ten years old (Fernando & Grossman 1989). It remains of 
interest if and how the results of QTL mapping studies will be used. 
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The lack of beneficial insights into the use of marker assisted selection for traits of 
high heritability means it is unlikely that the widespread use of QTL and marker 
technology will revolutionise the growth rate or fatness of the pigs developed by 
industry. Currently the failure to successfully integrate the technology into existing 
quantitative genetic evaluations means that success in QTL detection and mapping 
programmes is not going to be translated into rapid genetic improvement for fatness 
and growth traits within the foreseeable future. Too many marker assisted selection 
evaluations fail because of assumptions which are clearly invalid. Simulations to 
evaluate marker assisted selection methods have to be representative of the particular 
situation the technology wishes to address. It is however testimony to the success of 
current selection methods that relatively new technologies such as marker assisted 
selection are unable to make a significant impact on high heritability traits that are 
easily measured in both sexes compared to what can be achieved with conventional 
techniques. 
A better use of marker assisted selection is for traits that have a low heritability or 
are difficult or expensive to measure. This includes reproductive, disease resistance 
and meat quality traits, the latter being of current interest to the pig industry, e.g. de 
Vries & Plastow (1998). The work of Meuwissen & Goddard (1996) has 
demonstrated that the use of marker assisted selection for traits such as meat quality, 
where the trait is measured after slaughter, could achieve an additional response of 
up to 64%. This would be highly desirable to the industry but currently the UK 
market does not financially recognise differences in meat quality. Undoubtedly the 
UK system will move towards the American procedure, penalising producers for 
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poor meat quality calculated on colour, pH and sheer force. This would greatly 
increase the necessity to use marker assisted selection to ensure meat conforms to 
high quality standards. 
One of prohibitive aspects to marker assisted selection is the cost. Genotyping 
although getting cheaper remains expensive in comparison to conventional testing. 
The cost, as with all new technologies, will decrease within the next decade and the 
reducing cost will make marker assisted selection a more viable option. Currently 
the major use of findings from QTL mapping studies will be introgression. The main 
achievement to date has been the elimination of the halothane locus from commercial 
pig populations responsible for pale, soft exudative (PSE) meat. Further findings for 
regions of the genome affecting meat quality, reproductive or disease traits may lead 
to further fixation of favourable alleles through marker assisted selection. The effect 
on backfat on chromosome 7 would be a candidate for marker assisted selection or 
introgression because the beneficial allele is of Meishan origin. However, due to the 
high heritability of backfat it would be easy and cheaper to use conventional 
selection methods from a crossbred population. 
Due to the problems demonstrated by Van Heelsum et al. (1997) it may be more 
preferable to find a specific gene rather than a segment of a chromosome. This 
would allow direct selection on the gene and would be most beneficial for traits that 
are difficult to measure, e.g. disease resistance or meat quality traits. However, 
genome mapping has illustrated the difficulty in obtaining an accurate position of the 
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effect and as demonstrated by the comparative mapping identifying potential 
candidate genes is difficult from variable locations. 
It is therefore important to obtain accurate estimates of effects but as demonstrated 
with the joint analysis despite having over 3,000 animals the positional estimates still 
remained variable admittedly through an experiment not designed for combined 
analysis. As partly demonstrated by Markiund et al. (1998) marker assisted 
backcrossing allows a more precise definition of map location and the repetition of 
this process could create a suitable resolution (a few cM) to make a comparative 
screen for candidate genes. 
The future for porcine genome analysis is likely to follow the paths of the more 
advanced human and mouse genome projects. Within the next decade further 
research on established QTL populations will be able to deliver more precise 
estimates of the location of genes affecting quantitative traits. Significant progress 
could be made through the use of combined data sets, which benefit from larger 
numbers of offspring and therefore greater power. With this increased precision will 
come the option of scanning for candidate genes from other studies, an approach 
currently less viable because of the relative poor resolution from current genome 
scans. How information will be used by science and industry still remains unknown. 
Industry could clearly benefit from marker and QTL technology for traits that are 
expensive to measure, sex limited or have a low heritability. In comparison traits of 
high heritability that can be measured in both sexes will continue to be improved 
using conventional selection methods. The scientific community may find that the 
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pig represents a bridge between the mouse and human genomes and provides a useful 
'go between' when developing treatments such as gene therapy. 
138 
References 
Andersson L., Haley C.S., Ellegren H., Knott S.A., Johansson M., Andersson K., 
Andersson-Eklund L., Edfors-Lilja I., Fredhoim M., Hansson I., Hákansson J. & 
Lundström K. (1994) Genetic mapping of quantitative trait loci for growth and 
fatness in pigs. Science 263, 1771-1774. 
Andersson-Eklund L., Markiund L., Lundström K, Haley C.S., Andersson K., 
Hansson I., Moller M. & Andersson L. (1998) Mapping quantitative trait loci for 
carcass and meat quality traits in a wild boar x Large White intercross. Journal of 
Animal Science 76, 694-700. 
Archibald A.L., Haley C.S., Brown J.F., Couperwhite S., McQueen H.A., Nicholson 
D., Coppieters W., Van de Weghe A., Stratil A., Winterø A.K., Fredhoim M., Larsen 
N.J., Nielsen V.H., Milan D., Woloszyn N., Robic A., Dalens M., Riquet J., Gellin J., 
Caritez J.-C., Burgaud G., 011ivier L., Bidanel J.-P., Vaiman M., Renard C., 
Geldermann H., Davoli R., Ruyter D., Verstege E.J.M., Groenen M.A.M., Davies 
W., Høyheim B., Keiserud D., Andersson L., Ellegren H., Johansson M., Marklund 
L., Miller J.R., Anderson Dear D.V., Signer E., Jeffreys A.J., Moran C., Letissier P., 
Mulando, Rothschild M.F., Tuggle C.K., Vaske D., Helm J, Liu H.-C., Rahman A., 
Yu T.-P., Larson R.G. & Schmitz C.B. (1995) The PiGMaP consortium linkage map 
of the pig (sus scrofa). Mammalian Genome 6, 157-175. 
Baskin L.C. & Pomp D. (1998) Rapid Communication: Mapping of the porcine 
colipase gene to chromosome 7 using linkage analysis. Journal of Animal Science 
76, 1241-1242. 
Beckmann J.S. & Soller M. (1983) Restriction fragment length polymorphisms in 
genetic improvement: methodologies, mapping and costs. Theoretical and Applied 
Genetics 67, 35-43. 
139 
Bidanel J.P., Caritez J.C. & Legault C. (1991) Ten years of experiments with 
Chinese pigs in France. 2. Utilisation in crossbreeding. Pig News and Information 
12, 239-243. 
Bidanel J.P., Milan D., Chevalet C., Woloszyn N., Caritez J.C., Gruand J., Le Roy 
P., Bonneau M., Renard C., Vaiman M., Gellin J. & 011ivier L. (1996) Mapping 
quantitative trait loci in a Meishan x Large White F2 population. Proceedings of the 
47th Annual Meeting of the European Association for Animal Production. 
Bink M.C.A.M., van Arendonk J.A.M. & Quaas R.L. (1998) Breeding value 
estimation with incomplete marker data. Genetics, Selection, Evolution 30, 45-58. 
Bovenhuis H., van Arendonk J.A.M., Davis G., Elsen J.-M., Haley C.S., Hill W.G., 
Baret P.V., Hetzel D.J.S. & Nicholas F.W. (1997) Detection and mapping of 
quantitative trait loci in farm animals. Livestock Production Science 52, 135-144. 
Cameron N.D., Curran M.K. & Thompson R. (198 8) Estimation of sire with feeding 
regime interaction in pigs. Animal Production 46, 87-95. 
Casas-Carrillo E., Prill-Adams A., Price S.G., Clutter A.C. & Kirkpatrick B.W. 
(1997a) Mapping genomic regions associated with growth rate in pigs. Journal of 
Animal Science 75, 2047-2053. 
Casas-Carrillo E., Prill-Adams A., Price S.G., Clutter A.C. & Kirkpatrick B.W. 
(1997b) Relationship of growth hormone and insulin-like growth factor-i genotypes 
with growth and carcass traits in swine. Animal Genetics 28, 88-93. 
Churchill G.A. & Doerge R.W. (1994) Empirical threshold values for quantitative 
trait mapping. Genetics 138, 963-971. 
140 
Darvasi A., Weinreb A., Minke V., Weller J.I. & Soller M. (1993) Detecting marker-
QTL linkage and estimating QTL gene effect and map location using a saturated 
genetic map. Genetics 134, 943-951. 
de Koning D.J., Janss L.L.G., van Arendonk J.A.M., van Oers P.A.M. & Groenen 
M.A.M. (1998) Mapping major genes affecting meat quality in Meishan crossbreds 
using standard linkage software. Proceedings of the 6" World Congress on Genetics 
Applied to Livestock Production 26, 410-413. 
de Vries A.G. & Plastow G.S. (1998) Major genes for quality. Pig Progress 14, 43-
48. 
Doerge R.W. & Rebal A. (1996) Significance thresholds for QTL interval mapping 
tests. Heredity 76, 459-464. 
Efron B. (1982) The jackknife, the bootstrap and other resampling plans. Society for 
industrial and applied mathematics, Philadelphia. 
Efron B. & Tibshirani R.J. (1993) An introduction to the bootstrap. Chapman and 
Hall, New York. 
Feingold E., Brown P.O. & Siegmund D. (1993) Gaussian models for genetic linkage 
analysis using complete high-resolution maps of identity by descent. American 
Journal of Human Genetics 53, 234-251. 
Fernando R.L. & Grossman M. (1989) Marker assisted selection using best linear 
unbiased prediction. Genetics, Selection, Evolution 21, 467-477. 
Fugii J., Otsu K., Zorato F., De Leon S., Khanna V.K., Weiler J.E., O'Brien P.J. & 
MacLennan D.H. (1991) Identification of a mutation in porcine ryanodine receptor 
associated with malignant hyperthermia. Science 253, 448-451. 
141 
Geldermann H., MUller E., Beeckmann P., Knorr C., Yue G. & Moser G. (1996) 
Mapping of quantitative trait loci by means of marker genes in F 2 generations of wild 
boar, Pietran and Meishan pigs. Journal of Animal Breeding and Genetics 113, 381-
387. 
Gerbens F., Rettenberger G., Lenstra J.A., Veerkamp J.H. & Tepas M.F.W. (1997) 
Characterisation, chromosomal localisation, and genetic variatioh of the porcine 
heart fatty acid-binding protein gene. Mammalian Genome 8, 328-332. 
Gibson J.P. (1994) Short-term gain at the expense of long-term response with 
selection of identified loci. Proceedings of the 5th  World Congress on Genetics 
Applied to Livestock Production 21, 201-204. 
Green P., Falls K. & Crooks S. (1990) Cri-map Version 2.4. Washington University 
school of medicine, St. Louis, Mo. USA. 
Haldane J.B.S. (1919) The combination of linkage values and the calculation of 
distances between the loci of linked factors. Journal of Genetics 8, 299-309. 
Haley C.S. (1995) Livestock QTLs - bringing home the bacon? Trends in Genetics 
11, 488-492. 
Haley, C. S. & Knott, S. A. (1992) A simple regression method for mapping 
quantitative trait loci in line crosses using flanking markers. Heredity 69, 315-324. 
Haley C.S., Agaro E.d' & Ellis M. (1992) Genetic components of growth and 
ultrasonic fat depth traits in Meishan and Large White pigs and their reciprocal 
crosses. Animal Production 54, 105-115. 
Haley C.S., Knott S.A. & Elsen J.M. (1994) Mapping quantitative trait loci in crosses 
between outbred lines using least squares. Genetics 136, 1195-1207. 
142 
Haley C.S., Lee G.J. & Ritchie M. (1995) Comparative reproductive-performance in 
meishan and large white-pigs and their crosses. Animal Science 60, 259-267. 
Hoeschele I. (1994) Bayesian QTL mapping via the Gibbs sampler. Proceedings of 
the 5th  World Congress on Genetics Applied to Livestock Production 21, 241-244. 
Hyne V., Kearsey M.J., Pike D.J. & Snape J.W. (1995) QTL analysis: unreliability 
and bias in estimation procedures. Molecular Breeding 1, 273-282. 
IBMAP Consortium, Spain (1998) An experiment to detect QTLs affecting meat 
quality in Iberian and Landrace pigs. Proceedings of the 6th  World Congress on 
Genetics Applied to Livestock Production 26, 316-319. 
Jansen R. (1993) Interval mapping of multiple quantitative trait loci. Genetics 135, 
205-2 11. 
Jansen R.C. & Stam P. (1994) High resolution of quantitative trait into multiple loci 
via interval mapping. Genetics 136, 1447-1455. 
Janss L.L.G., Thompson R. & van Arendonk J.A.M. (1995) Application of Gibbs 
sampling for inference in a mixed major gene-polygenic inheritance model in animal 
populations. Theoretical and Applied Genetics 91, 1137-1147. 
Janss L.L.G., van Arendonk J.A.M. & Brascamp E.W. (1997) Bayesian staistical 
analysis for presence of single genes affecting meat quality traits in a crossed pig 
population. Genetics 145, 395-408. 
Johansson M., Ellegren H. & Andersson L. (1995) Comparative mapping reveals 
extensive linkage conservation but with gene order rearrangements between the pig 
and human genomes. Genomics 25, 682-690. 
143 
Jung Y.C., Rothschild M.F., Flanagan M.P., Christian L.L. & Wagner C.M. (1989) 
Association of restriction fragment length polymorphisms of swine leucocyte antigen 
class I genes and production traits of Duroc and Hampshire boars. Animal Genetics 
20,79-91. 
Kearsey M.J. & Farquhar A.G.L. (1998) QTL analysis in plants; where are we now? 
Heredity 80, 137-142. 
Kerr J.C. & Cameron N.D. (1995) Reproductive performance of pigs selected for 
components of efficient lean growth. Animal Science 60, 281-290. 
Knorr C., Moser G., MUller E. & Geldermann H. (1997) Associations of GH gene 
variants with performance traits in F 2 generations of European wild boar, Pietran and 
Meishan pigs. Animal Genetics 28, 124-128. 
Knott S.A., Haley C.S. & Thompson R. (1992) Methods of segregation analysis for 
animal breeding data: A comparison of power. Heredity 68, 299-311. 
Knott S.A., Markiund L., Haley C.S., Andersson K., Davies W., Ellegren H., 
Fredholm M., Høyheim B., Hansson I., Lundström K., Moller M. & Andersson L. 
(1998) Multiple marker mapping of quantitative trait loci in an outbred cross 
between wild boar and Large White pigs. Genetics 149, 1069-1080. 
Kruglyak L. (1997) The use of a genetic map of biallelic markers in linkage studies. 
Nature Genetics 27, 21-24. 
Kuryl J., Zurkowski M., Kamyczek M., Janik A., Duniec M., Rozycki M. & 
Czerwinski S. (1996) Mapping of quantitative trait loci for growth rate and carcass 
quality in pigs. Animal Genetics 27 (Suppl. 2), 113. 
Lander E.S. & Botstein D. (1989) Mapping Mendelian factors underlying 
quantitative traits using RFLP linkage maps. Genetics 121, 185-199. 
144 
Lander E.S. & Kruglyak L. (1995) Genetic dissection of complex traits: guidelines 
for interpreting and reporting linkage results. Nature Genetics 11, 241-247. 
Lebreton C.M. & Visscher P.M. (1998) Empirical non-parametric bootstrap 
strategies in QTL mapping: conditioning on the genetic model. Genetics 148, 525-
535. 
Li N., Zhao Y.F., Xiao L., Zhang F.J., Chen Y.Z., Dai R.J., Zhang J.S., Shen S.Q., 
Chen Y.F. & Wu C.X. (1998) Candidate gene approach for identification of genetic 
loci controlling litter size in swine. Proceedings of the 6th  World Congress on 
Genetics Applied to Livestock Production 26, 183-186. 
Mangin B., Goffinet B. & Rebai A. (1994) Constructing confidence intervals for 
QTL location. Genetics 138, 1301-1308. 
Marklund L., Winterø A.K., Thomsen P.D., Johansson M., Fredhoim M., Gustavsson 
U. & Andersson L. (1993) A linkage group on pig chromosome 4 comprising the loci 
for blood group L, GBA, ATP1B1 and three microsatellites. Animal Genetics 24, 
333-338. 
Markiund L., Johansson Moller M., Høyheim B., Davies W., Fredholm M., Juneja 
R.K. Mariani P., Coppieters W., Ellegren H. & Andersson L. (1996a) A 
comprehensive linkage map of the pig based on a Wild pig - Large White intercross. 
Animal Genetics 27, 255-269. 
Marklund L., Nystrom P.-E., Stem S. Andersson L. (1996b) Further characterisation 
of a major QTL for fatness on pig chromosome 4. Animal Genetics 27 (Suppl. 2), 
114. 
Marklund L., Nystrom P.-E., Stem S., Andersson-Eklund L. & Andersson L. (1998) 
Confirmed quantitative trait loci for fatness and growth on pig chromosome 4. 
Heredity 82, 134-141. 
145 
Martinez 0. & Cumow R. N. (1992) Estimating the locations and the sizes of the 
effects of quantitative trait loci using flanking markers. Theoretical and Applied 
Genetics 85, 480-488. 
Meuwissen T.H.E. & Goddard M.E. (1996) The use of marker haplotypes in animal 
breeding schemes. Genetics, Selection, Evolution 28, 161-176. 
Mikawa S., Akita T., Hisamatsu N., Inage Y., Ito Y., Kobayashi E., Kusumoto H., 
Matsumoto T., Mikami H., Minezawa M., Miyake M., Shimanuki S., Sugiyama C., 
Uchida Y., Wada Y., Yanai S., Yasue H. (1998) A swine linkage map based on inter-
cross populations between Meishan and Goettingen Miniature pigs. Proceedings of 
the 6th  World Congress of Genetics Applied to Livestock Production 26, 385-388. 
Milan D., Bidanel J.P., LeRoy P., Chevalet C., Woloszyn N., Caritez J.C., Gruand J., 
Lagant H., Bonneau M., Lefaucheur L., Renard C., Vaiman M., Mormede P., 
Desauted C., Amigues Y., Bourgeois F., Gellin J. & 011ivier L. (1998) Current status 
of QTL detection in Large White x Meishan crosses in France. Proceedings of the 
6th World Congress on Genetics Applied to Livestock Production 26, 414-417. 
Moser G., MUller E., Beeckmann P., Yue G. & Geldermann H. (1998) Mapping of 
QTLs in F2 generations of wild boar, Pietrain and Meishan pigs. Proceedings of the 
6" World Congress on Genetics Applied to Livestock Production 26, 478-481. 
Mungall C. (1996) Visualisation tools for genome mapping - the Anubis map 
manager. Animal Genetics 27 (suppi. 2), 56. 
Neimann- Sorensen A. & Robertson A. (1961) The associations between blood 
groups and several production characteristics in three Danish cattle breeds. Acta 
Agricultura Scandinavica 11, 163-196 
Nielsen V.H., Larsen N.J. & Agergaard N. (1995) Association of DNA- 
polymorphism in the growth-hormone gene with basal-plasma growth-hormone 
146 
concentration and production traits in pigs. Journal of Animal Breeding and 
Genetics 112, 205-212. 
Neilsen V.H., Davoli R., Korsgaard I.R., Thomsen B., Bigi D. & Russo V. (1996) 
Association of a DNA polymorphism in the aminopeptidase N (ANPEP) locus with 
production traits in pigs. Animal Genetics 27 (Suppi. 2), 115. 
Nystrom P.-E., Andersson-Eklund L., Stern S., Markiund L., Andersson L. & Haley 
C.S. (1998) Use of a stochastic method for interval mapping of quantitative trait loci 
on porcine chromosome 4. Proceedings of the 6hI1  World Congress on Genetics 
Applied to Livestock Production 26, 465-468. 
Paszek A.A., Beattie C.W., Flickinger G.W., Wilkie P.J. & Schook L.B. (1998) 
Genomic scan for quantitative trait loci in swine. Proceedings of the 6th  World 
Congress on Genetics Applied to Livestock Production 26, 418-421. 
Paterson A.H., Damon S., Hewitt J.D., Zamir D., Rabinowitch H.D., Lincoln S.E., 
Lander E.S. & Tanksley S.D. (1991) Mendelian factors underlying quantitative traits 
in tomato: Comparison across species, generations and environments. Genetics 127, 
181-197. 
Payne F. (1918) The effect of artificial selection on bristle number in Drosophila 
ampelophila and its interpretation. Proceedings of the National Academy of Science, 
USA 4, 55-58. 
Plastow G.S., Kuiper M., Wales R., Archibald A.L., Haley C.S. & Siggens K.W. 
(1998) AFLP for mapping and QTL detection in commercial pigs. Proceeding of the 
6th World Congress on Genetics Applied to Livestock Production 26, 209-212. 
Rabin M., Fries R., Singer D. & Rudloe F.H. (1985) Assignment of the porcine 
major histocompatibility complex to chromosome 7 by in-situ hybridisation. 
Cyto genetics and Cell Genetics 39, 206-209. 
147 
Rebal A., Goffinet B. & Mangin B. (1994) Aproximate thresholds of interval 
mapping tests for QTL detection. Genetics 138, 235-240. 
Rettenberger G., Klett C., Zeclmer U., Kunz J., Vogel W. & Hameister H. (1995) 
Visualization of the conservation of synteny between humans and pigs by 
heterologous chromosomal painting. Genomics 26 372-378. 
Rohrer G.A., Alexander L.J., Hu Z.L., Smith T.P.L., Keele J.W. & Beattie C.W. 
(1996) A comprehensive map of the porcine genome. Genome Research 6,371-391. 
Rohrer G.A. & Keele J.W. (1998a) Identification of quantitative trait loci affecting 
carcass composition in swine: I. Fat deposition traits. Journal of Animal Science 76, 
2247-2254. 
Rohrer G.A. & Keele J.W. (1998b) Identification of quantitative trait loci affecting 
carcass composition in swine: II. Muscing and wholesale product yield traits. 
Journal ofAnimal Science 76, 225 5-2262. 
Rothschild M.F., Jacobson C., Bolet G., Gando P. & Vaiman M. (1986) Effects of 
swine lymphocyte antigen haplotypes on birth and weaning weights in pigs. Animal 
Genetics 17, 267-272. 
Rothschild M.F., Legault C. & Vaiman M. (1987) Effects of homozygotes of SLA 
haplotypes on birth and weaning weight and a deficit of homozygotes in Meishan 
pigs. Animal Genetics 18 (Suppl. 1), 33-34. 
Rothschild M.F., Hoganson D.L., Warner C.M. & Schwartz N.K. (1990) The use of 
the major histocompatibility complex class I restriction fragment length 
polymorphism analysis to predict performance in the pig. Proceedings of the 
World Congress on Genetics Applied to Livestock Production XIII, 125-128. 
148 
Rothschild M.F., Liu H.-C., Tuggle C.K., Yu T.-P. & Wang L. (1995) Analysis of 
pig chromosome 7 genetic markers for growth and carcass performance traits. 
Journal ofAnimal Breeding and Genetics 112, 341-348. 
Sax K. (1923) The association of size differences with seed-coat pattern and 
pigmentation in Phaseolus vulgaris. Genetics 8, 552-560. 
Soller M. (1991) Mapping quantitative trait loci affecting traits of economic 
importance in animal populations using molecular markers. In Shook L.B., Lewin 
H.A., McLaren D.G. (Eds.) Gene mapping techniques and applications, Dekker, 
New York, pp.  21-49. 
Soller M. & Genizi A. (1978) The efficiency of experimental designs for the 
detection of linkage between a marker locus and a locus affecting a quantitative trait 
in segregating populations. Biometrics 34, 47-55. 
Soller M., Genizi A. & Brody T. (1976) On the power of experimental designs for 
the detection of linkage between marker loci and quantitative loci in crosses between 
inbred lines. Theoretical and Applied Genetics 47, 3 5-59. 
Tanksley S.D. & McCouch S.R. (1997) Seed banks and molecular maps: Unlocking 
genetic potential from the wild. Science 277, 1063-1066. 
te Pas M.F.W., Soumillion A., Rettenberger G., Van de Bosch T.J., Veninga G. & 
Meuwissen T.H.E. (1996) Characterisation of the porcine myogenin gene locus and 
association between polymorphism and growth traits. Animal Genetics 27 (Suppl 2), 
117. 
Van der Beek S. Van Arendonk J.A.M. & Groen A.F. (1995) Power of two- and 
three-generation QTL mapping experiments in an outbred population containing full-
sib and half-sib families. Theoretical and Applied Genetics 91, 1115-1124. 
149 
Van Heelsum A.M., Haley C.S. & Visscher P.M. (1997) Marker-assisted 
introgression using non-unique marker alleles. 1. Selection on the presence of linked 
marker alleles. Animal Genetics 28, 181-187. 
Van Ooijen, J. W. (1992) Accuracy of mapping quantitative trait loci in autogamous 
species. Theoretical and Applied Genetics 84, 803-811. 
Vincent A., Wang L., Tuggle C.K. & Rothschild M.F. (1998) Linkage and physical 
mapping of prolactin to porcine chromosome 7. Animal Genetics 29, 27-29. 
Visscher P.M. & Haley C.S. (1996) Detection of quantitative trait loci in line crosses 
under infinitesimal genetic models. Theoretical and Applied Genetics 93, 691-702. 
Visscher P.M., Thompson R. & Haley C.S. (1996) Confidence intervals in QTL 
mapping by bootstrapping. Genetics 143, 1013-1020. 
Visscher P.M. & Haley C.S. (1998) Power of a chromosomal test to detect genetic 
variation using genetic markers. Heredity 81, 317-326. 
Vos P., Hogers R., Bleeker M., Reijans M., van de Lee T., Homes M., Frijters A., 
Pot J., Peleman J., Kuiper M. & Zabeau M. (1995) AFLP - A new technique for 
DNA-fingerprinting. Nucleic Acids Research 23, 4407-4414. 
Wakefield M.J. & Graves J.A.M. (1996) Comparative maps of vertebrates. 
Mammalian Genome 7, 715-716. 
Wang D.G., Fan J.B., Siao C.J., Berno A., Young P., Sapoisky R., Ghandour G., 
Perkins N., Winchester E., Spencer J., Kruglyak L., Stein L., Hsie L., Topalogou T., 
Hubbell E., Robinson E., Mittmann M., Morris M.S., Shen N., Kilburn D., Rioux J., 
Nusbaum C., Rozen S., Hudson T.J., Lipshutz R., Chee M. & Lander E.S. (1998) 
Large-scale identification, mapping and genotyping of single-nucleotide 
polymorphisms in the human genome. Science 280, 1077-1082. 
150 
Wang L., Yu T.-P., Chung FI.W., Tuggle C.K. & Rothschild M.F. (1997) Association 
of porcine chromosome 4 markers with growth and carcass traits. Proceedings of 
Plant and Animal Genome V. 
Wang L., Yu T.-P., Chung fl.W., Tuggle C.K. & Rothschild M.F. (1997) Pinpointing 
QTLs on chromosome 7 for performance traits in the pig. Journal ofAnimal Science 
75 (Suppi. 1), 145. 
Weller J.I. (1986) Maximum likelihood techniques for the mapping and analysis of 
quantitative trait loci with the aid of genetic markers. Biometrics 42, 627-640. 
Weller J.I. (1990) Experimental designs for mapping quantitative trait loci in 
segregating populations: Proceedings of the 4111  World Congress On Genetics Applied 
to Livestock Production XIII, 113-116. 
Weller J.I., Kashi Y. & Soller M. (1990) Power of daughter and granddaughter 
designs for determining linkage between marker loci and quantitative trait loci in 
dairy cattle. Journal of Dairy Science 73, 2525-2537. 
Weller J.I., Soller M & Korol B. (1997) Detection of QTLs and marker assisted 
selection. Lecture notes from course 24" August-7" September 1997, Jerusalem. 
Whittaker J.C., Thompson R. & Visscher P.M. (1996) On the mapping of QTL by 
regression of phenotype on marker-type. Heredity 77, 23-32. 
Wilkie P.J., Paszek A.A., Flickinger G.H., Rohrer G.A., Alexander L.J., Beattie 
C.W. & Schook L.B. (1996) Scan of eight porcine chromosomes for growth, carcass 
and reproductive traits reveals two likely quantitative trait loci. Animal Genetics 27 
(Suppl. 2),117. 
151 
Yu T.-P., Tuggle C.K., Schmitz C.B. & Rothschild M.F. (1995) Association of PIT] 
polymorphisms with growth and carcass traits in pigs. Journal ofAnimal Science 73, 
1282-1288. 
Zeng Z.-B. (1993) Theoretical basis of separation of multiple linked gene effects on 
mapping quantitative trait loci. Proceedings of the National Academy of Science 90, 
10972-10976. 
Zeng Z.-B. (1994) Precision mapping of quantitative trait loci. Genetics 136, 1457-
1468. 
152 
Genet. Res., Comb. (1998), 71, pp.  171-180. With 9figures. Printed in the United Kingdom © 1998 Cambridge University Press 171 
A comparison of bootstrap methods to construct confidence 
intervals in QTL mapping 
GRANT A. WALLING'*, PETER M. VISSCHER 2 AND CHRIS S. HALEY' 
1  Roslin Institute (Edinburgh), Roslin, Midlothian EH25 9PS, Scotland, UK 
'Institute of Ecology and Resource Management, University of Edinburgh, Edinburgh E119 3JG, Scotland, UK 
(Received 6 October 1997 and in revised form 15 December 1997) 
Summary 
The determination of empirical confidence intervals for the location of quantitative trait loci 
(QTLs) by interval mapping was investigated using simulation. Confidence intervals were created 
using a non-parametric (resampling method) and parametric (resimulation method) bootstrap for a 
backcross population derived from inbred lines. QTLs explaining 1 %, 5% and 10% of the 
phenotypic variance were tested in populations of 200 or 500 individuals. Results from the two 
methods were compared at all locations along one half of the chromosome. The non-parametric 
bootstrap produced results close to expectation at all non-marker locations, but confidence 
intervals when the QTL was located at the marker were conservative. The parametric method 
performed poorly; results varied from conservative confidence intervals at the location of the 
marker, to anti-conservative intervals midway between markers. The results were shown to be 
influenced by a bias in the mapping procedure and by the accumulation of type 1 errors at the 
location of the markers. The parametric bootstrap is not a suitable method for constructing 
confidence intervals in QTL mapping. The confidence intervals from the non-parametric bootstrap 
are accurate and suitable for practical use. 
1. Introduction 
In the mapping of quantitative trait loci (QTLs) it is 
valuable to have some idea about how accurately a 
locus is mapped. For example, molecular biologists 
require a precise estimate of location for positional 
cloning and breeders who may wish to incorporate 
genes need to know the optimum length of chromo-
some to introgress. In recognition of this problem it is 
common to give confidence intervals stating the 
probability (F) that an interval on the chromosome 
contains the QTL. It is of fundamental and economic 
importance to those wishing to use this information 
that the true probability an interval contains a QTL is 
close to the probability stated, i.e. a 90% confidence 
interval should contain a QTL in 90% of all cases. 
Methods of calculating confidence intervals vary. 
The suggestion of Lander & Botstein (1989) was a one 
LOD support interval (defined by the points on the 
genetic map at which the likelihood ratio has fallen by 
* Corresponding author. Tel: +44 131 527 4471. Fax: +44 131 
440 0434. e-mail: grant.walling@ed.ac.uk.  
a factor of 10 from the maximum). Van Ooijen (1992), 
by studying support intervals for four different values 
of LOD drop, showed that a 95 % confidence interval 
could require up to a two LOD drop for the simulated 
situations tested (population size = 200 or 400, heri-
tability of QTL = 5% or 10%, backcross and F, 
populations considered). The size of the LOD drop to 
produce the confidence interval varied with different 
parameter settings, and the size of confidence intervals 
produced by the two LOD drop were, in the view of 
Van Ooijen (1992), large and variable. 
Mangin et al. (1994) showed the 90% and 95% 
confidence intervals calculated by a one LOD drop to 
be biased when the QTL effect was small. Bias was 
downward, i.e. the proportion of intervals containing 
the QTL location at the 90% level was less than 90 %. 
Mangin et al. (1994) also derived a complex formula 
for calculating confidence intervals, assuming nor-
mality of residuals. 
Visscher et al. (1996) suggest a non-parametric 
bootstrap method (Efron, 1982, chapter 10) applied 
to QTL mapping and compared it with the LOD drop 
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method. The method performed well in comparison 
with the LOD drop, but generally the estimates were 
slightly conservative, i.e. the 90 % confidence interval 
contained over 90 % of the QTL, particularly for 
smaller QTL effects. Confidence intervals produced 
by the method were larger than those produced by the 
one LOD drop, with intervals under 20 cM in length 
produced only when population size and QTL effect 
were high. 
Several questions regarding the creation of con-
fidence intervals remain unanswered. It is clear that 
the LOD drop method is unsatisfactory in populations 
the size of those used in practice. The non-parametric 
bootstrap does seem suitable although slightly con-
servative. However, many QTL mapping populations 
use more complex pedigrees than the standard 
backcross or F 2 populations mentioned by Visscher et 
al. (1996). In these more complex pedigrees it is 
unclear how the non-parametric bootstrap can be 
performed without dissolving the population struc-
ture. Would an alternative method or variation of 
current methods provide more suitable techniques 
and results? 
Visscher et al. (1996) mention that there are many 
possible bootstrap strategies, of which the non-
parametric bootstrap is only one. There are also no 
fixed guidelines on how to perform bootstrapping 
under linear models. This gives many options to 
address the problems of creating confidence intervals 
and developing the bootstrapping method(s) to create 
a suitable process for their calculation. 
We have investigated, a parametric bootstrap 
method (Efron, 1982, chapter 5) to determine ap-
proximate confidence intervals for the position of a 
QTL and to study the performance of the non-
parametric bootstrap method in more detail. The 
parametric bootstrap has a large advantage over the 
non-parametric method in that it can be applied to 
any population, because the re-simulations can simply 
mimic the original data structure. The aims of the 
study are to test, by simulation, how well the 
parametric bootstrap method works in QTL mapping 
experiments with experimental populations and to 
compare the method with the non-parametric boot-
strap proposed by Visscher et al. (1996). In particular 
we are interested in the accuracy of the two methods, 
i.e. whether the QTL appears in the 90 % or 95 % 
confidence interval in 90% or 95%, respectively, of 
the replicates. A secondary consideration is the size of 
the 90% and 95 % confidence intervals, which ideally 
would be small. 
2. Materials and methods 
(i) Simulation 
Data for N individuals (N = 200 or 500) from a 
backcross population derived from two inbred lines 
were simulated. Each individual was assigned a single 
chromosome of length 100 cM with m evenly spaced 
markers (m = 6 or 11) corresponding to a marker 
spacing of A cm (A = 10 or 20). The chromosomes 
contained a single QTL with an additive effect such 
that heritabilities of 1 %, 5 % and 10 % were obtained 
in the backcross population. The position of the QTL 
(d) was at 45 or 85 cM from one end of the 
chromosome in the initial analyses, then at all 
locations between 0 and 50 inclusive in the subsequent 
work. Haldane's mapping function (Haldane, 1919) 
was used throughout. 
Model 
Data were analysed with the Whittaker regression 
method (Whittaker et al., 1996). The method performs 
a multiple regression of phenotypes on pairs of 
flanking markers and transforms the estimated effects 
of the two markers, in each regression, to estimates of 
the QTL effect and its location. This method is 
preferred to the regression method of Haley & Knott 
(1992) because of the speed of calculation, but 
produces equivalent results. Only a single QTL was 
fitted in the analyses. 
Non-parametric bootstrap 
Sampling, with replacement, N individual obser-
vations (a single individual's genotype and phenotype 
maintained together) from a population of size N 
generated non-parametric bootstrap samples (Visscher 
et al., 1996). Each sample was analysed and the best 
estimate of the position of the QTL recorded. After R 
bootstrap samples (where R is the number of 'new' re-
sampled populations and hence the number of 
estimates of QTL position) the empirical central 90 % 
and 95 % confidence intervals of the QTL position 
were determined. This was achieved by ordering the R 
estimates and taking the top and bottom 5th and 25th 
percentile, respectively. 
Parametric bootstrap 
The parametric bootstrap uses a Monte Carlo 
simulation method with original parameter estimates. 
Samples were generated by analysing the data from a 
population of size N, recording the estimates of 
parameters for the best position of the QTL, mean, 
standard deviation and QTL effect. This information 
was used to create two normal distributions of 
individuals with these parameters (one distribution 
with the QTL and one without). N individuals were 
randomly assigned a marker genotype; phenotypes 
were drawn from one of the distributions conditional 
upon the marker genotype of the individual. This 
generates a parametric bootstrap sample. Each 'new' 
Confidence intervals in QTL mapping 
population was analysed and the best estimated 
position recorded. After R parametric bootstrap 
samples the empirical central 90% and 95% con-
fidence intervals were calculated as described pre-
viously. For each parameter set, there were R re-
simulated populations after the initial analysis for 
each of the 1000 replicates and therefore 1000 (R+ 1) 
QTL mapping analyses were done. 
The difference between the two methods is that the 
non-parametric method samples from the original 
data whereas the parametric method samples from the 
distributions inferred from the analysis of the data. 
3. Results 
The results for the initial analyses for the non-
parametric and parametric bootstraps are shown in 
Table 1. The analyses of the non-parametric bootstrap 
have been previously published with these population 
parameters (Visscher et al., 1996). Our results are in 
close agreement with this work. 
(i) Number of bootstrap samples 
Changing the number of bootstrap samples had very 
little effect on the results. No significant changes in 
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either confidence intervals or probabilities occurred 
when R varied from 100 to 1000 (results not shown). 
For all subsequent analyses R = 200 to allow a direct 
comparison between the results of Visscher et al. 
(1996) and the results for the parametric bootstrap. 
Although this is suitable for simulation studies because 
of the large numbers of replicates, real data analysis 
would preferably use larger bootstrap samples (Efron 
& Tibshirani, 1993). 
Population size 
Comparing top and bottom halves of Table 1 
illustrates that increasing population size creates 
smaller confidence intervals. When N = 500 and A = 
10, the intervals are anti-conservative when the 
heritability is high for the non-parametric bootstrap, 
i.e. the proportion of 90% confidence intervals 
containing the simulated QTL was under 09. The 
differences in confidence interval size with population 
size are consistent with other studies (Van Ooijen, 
1992; Darvasi et al., 1993). 
Heritability 
Increasing the heritability of the QTL produces smaller 
intervals. The probability of detecting the simulated 
Table 1. Effect of marker spacing, heritability and population size on confidence intervals for various different 
bootstrap methods 
N 	A d h2 
Non-parametric bootstrap 
C190" 	P90b 	C195 P95 
Parametric bootstrap 
C190 	P90 	C195 P95 
200 	10 45 001 84 099 92 099 84 097 93 099 
- 0'05 57 094 69 097 50 0'91 66 097 
- 
- Oi 37 092 47 096 27 087 40 096 
85 001 86 091 93 097 86 090 94 0'97 
- 	 - 
- 005 61 091 74 096 52 090 68 095 
- 0•1 36 091 47 096 26 087 37 095 
20 45 001 87 098 94 099 87 098 94 099 
005 59 094 71 098 53 094 69 098 
- 	 - 
- 01 37 091 47 095 32 094 43 0•97 
- 85 001 88 091 94 096 87 092 94 097 
005 64 089 75 094 54 094 69 098 
- 
- 01 38 090 50 0•95 30 094 41 0•97 
500 	10 45 001 75 097 85 1-00 70 095 84 098 
- 
- 005 33 092 42 097 22 085 32 093 
- 01 16 089 21 094 12 079 15 086 
- 85 001 78 092 87 097 72 089 85 095 
- 005 32 092 42 096 21 085 31 094 
- 	 - 
- 01 15 089 20 095 12 081 15 088 
20 45 001 78 097 88 0'99 73 095 86 098 
- 	 - 
- 005 32 091 42 0'96 27 091 36 095 
- 	 - 
- 01 18 089 22 094 16 088 20 097 
- 85 001 82 091 90 096 74 093 86 096 
- 	 - 
- 005 31 088 41 094 25 093 33 096 
- 	 - 
- 0•1 16 089 20 093 15 088 19 096 
CIx is the mean width of the x % confidence interval (in cM). 
Px is the proportion of the x% confidence intervals that contain the QTL. 
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Fig. 1. N = 500, h2 = 01, A = 10. The probability a confidence interval contains a QTL at different simulated locations 
on a chromosome using the non-parametric bootstrap. 
QTL when h2 = 001 is low and the number of type I 
errors is high. A type 1 error does not detect the 
simulated QTL but still declares the best position of a 
QTL at a point on the chromosome. In these cases the 
confidence interval is chiefly created by type 1 errors 
and hence the interval, by chance, is large and more 
likely to cover central regions of the chromosome. 
This explains the higher probabilities for d = 45 
compared with d = 85 when h2 = 001 and is in 
agreement with the findings of Paterson et al. (1991). 
Parametric versus non-parametric bootstrap 
The parametric bootstrap produces smaller intervals 
in comparison with the non-parametric equivalent 
when heritabilities exceed 005. However, these inter-
vals are anti-conservative when N = 500, for the 
parametric bootstrap. When the heritability was 001 
the two methods produced similar results. 
QTL position 
From Table I it would appear that the parametric 
bootstrap produces consistent results independent of 
the position of the QTL on the chromosome. This is 
the same conclusion as Visscher et al. (1996) derived 
for the non-parametric bootstrap, but this preliminary 
study and the work of Visscher et al. both simulated 
only two QTL positions on a 100 cM chromosome. 
Marker spacing 
Table 1 shows that less dense marker maps create 
slightly narrower confidence intervals. Results for the 
parametric bootstrap show that when N = 500 and 
A = 10, confidence intervals are anti-conservative. 
When N = 500 and A = 20 the 90% and 95% 
confidence intervals contain the simulated QTL in 
approximately 90% and 95 % of all replicates re-
spectively. From this we would conclude that a denser 
marker map creates anti-conservative results. This 
goes against expectation, as more information should 
increase the accuracy of the results. 
By studying only two positions (45 and 85 cM), the 
initial study fails to examine fully the effect of position 
of the QTL on the chromosome and position within 
the interval upon the accuracy of the confidence 
intervals created. The results for QTL at locations 
0-50 cm for the two marker map densities allow these 
two situations to be investigated. The chromosome is 
assumed to show symmetrical results around the mid-
point; hence, to reduce running time of computer 
simulations, locations 0-50 cM were investigated. 
The non-parametric bootstrap performs reasonably 
well in most cases, i.e. the 90 % confidence interval 
generally includes the QTL 90% of the time. A bias 
occurs when the QTL is simulated at the same 
position as a marker (Fig. 1). At these locations the 
confidence interval is conservative, e.g. in Fig. 1 the 
probability the 90 % confidence interval contains the 
QTL at 0, 10, and 20 cM is 0942, 0964 and 0951 
respectively. 
The parametric bootstrap performs substantially 
less well than the non-parametric equivalent. Fig. 2 
illustrates the pattern seen as the QTL is placed at 
different locations along the chromosome. Large 
waves are produced peaking at the position of the 
markers and reaching a minimum midway between 
markers. At marker positions the parametric boot-
strap is more conservative than the non-parametric 
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Fig. 2. N = 500, h2 = 01, A = 10. The probability a confidence interval contains a QTL at different simulated positions 
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Fig. 3. N = 500, h2 = 01, i = 10. The size of C190 at different simulated positions on the chromosome. 
and at intermediate positions it is substantially anti-
conservative. Decreasing the number of markers 
increases the wavelength and decreasing the heri-
tability of the QTL decreases the amplitude of the 
waves (results not shown). 
The sizes of the confidence intervals produced by 
the two methods, over the length of the chromosome, 
are shown in Fig. 3. The parametric bootstrap 
producers smaller intervals than the non-parametric 
method. Confidence intervals are largest when the 
QTL is simulated equidistant between two markers 
and therefore the maximum distance away from a 
marker. Conversely, the smallest intervals are found  
when the QTL and marker lie at the same location. It 
is evident that the end of the chromosome causes a 
truncation of the confidence interval, for when the 
QTL is simulated at 0-10 cM the confidence interval 
is smaller than the equivalent positions in other 
intervals. The non-parametric bootstrap shows greater 
variation in the size of confidence interval. Intervals 
differ by approximately 6 cM when comparing the 
size of interval when the QTLis on the marker with 
the size of interval produced when the QTL is 
equidistant between two markers. The same com-
parison with the parametric bootstrap shows a 
difference of 2 cM. 
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4. Discussion 
From the results it is clear that the parametric 
bootstrap is unsuitable for use with experimental data 
because of the variation with QTL position in the 
probability that a 90% or 95% confidence interval 
contains the actual QTL position. The reasons for 
these large fluctuations are not completely clear. The 
patterns seen are consistent with the hypothesis that 
the waves are produced as an amplification of the 
peaks seen in the non-parametric analysis. This arises 
because the mapping procedure shows a small bias 
towards placing a best estimate at the location of a 
marker. This bias can be calculated (Visscher et al., in 
preparation) using the equations from Whittaker et al. 
(1996). 
This bias can be visualized in Fig. 4. It is clear from 
the test statistic that the best estimate of the location 
of the QTL in the analysis of the original data set is 
approximately at the middle of the chromosome. The 
distribution of positions of best estimates of QTL 
position from the bootstrap examples might be 
expected to show an approximation of the distribution 
of the test statistic. The distribution of the best 
position estimates follows the distribution of the test 
statistic well except at marker positions, where the 
number of best estimates is large in comparison with 
the other locations. Note, however, that the mean test 
statistic is significantly lower. This implies that when 
a marker position is the best estimate of a QTL 
location, the evidence for a QTL is less than when the 
QTL is at a non-marker position. 
One hypothesis explaining the presence of the 
marker peaks could be the accumulation of type 1  
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errors. The method used did not select a subset of the 
bootstrap re-samples. In practice, if the test statistic in 
the initial analysis did not exceed a set threshold, no 
QTL would be declared. The non-selective bootstrap 
analyses each bootstrap re-sample and records the 
best estimated position, but does not assess whether 
the data support the hypothesis that a QTL is located 
at that position. These replicates with less evidence for 
a QTL accumulate in the analysis, particularly when 
the chance of detecting the QTL, the power of the 
experiment, is low, e.g. a QTL with small effect. Fig. 
5 shows the histogram of best estimated positions of 
QTL from 100000 replicates when no QTL was 
simulated (N = 200, A = 20, h2 = 0). This shows that 
the method, when analysing type I errors, tends to 
place the best estimated position of the QTL on a 
marker. In Fig. 5 over 50 % of replicates were placed 
at markers, which compares with an expectation of 
under 6 % if the distribution in Fig. 5 was uniform. 
Type 1 errors, analogous to the replicates with less 
evidence for a QTL, cannot explain all the peaks at 
markers in Fig. 4, as the power of the analysis for such 
a configuration is high and therefore type 1 error rate 
is generally low. If the power was assumed to be 09 for 
the situation in Fig. 4 (the true value is slightly larger) 
approximately 100000 replicates would be type 1 
errors. Since Fig. 5 shows that approximately 13 % of 
type 1 errors are placed at 0 or 100 cM and 8 % at the 
location of each marker, type 1 errors could explain 
peaks in the histogram of up to 13000 at positions 0 
or 100 cM and 8000 at 20, 40, 60 and 80 cM. Type 1 
errors could therefore account for the small ac-
cumulation of replicates in Fig. 4 positioned at 20, 80 
and 100 cM, since the numbers of replicates ac- 
Position on chromosome 
Fig. 4. One million non-parametric bootstraps for one replicate (N = 200, A = 20). The mean test statistic was calculated 
for each point only when that location was the best estimated position of the QTL. 
Position of simulated QTL 
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Fig. 5. Histogram of best estimated positions from 100000 replicates with no QTL simulated (N = 200, i\ = 20). 
Fig. 6. Bias of position in QTL mapping. Each point was calculated by simulating 1000 replicates at point d (N = 200, 
h2 = 01). Mean estimated position from 1000 analysed replicates subtracted from true simulated position gives bias at 
point d. Thus if the position 8 c from the left of the chromosome maps, on average, at 10 c the bias is 10-8 = + 2. 
If, however, the same point maps, on average, at 5 cM the bias is 5-8 = —3. 
cumulating at these positions is small. It is unable to 
account for the larger collection of replicates at 0, 40 
and 60 cM where additional bias must exist over that 
caused by the type 1 error rate. 
To explain these larger peaks the precision of the 
mapping procedure itself has to be studied. Fig. 4 
implies there is a distinct bias for the mapping method 
to place best estimates of positions on markers. This 
can be studied by looking at mean estimated position 
of a QTL when simulated at position (d) over 
replicates. Fig. 6 shows this for a chromosome with 
A = 20. Bias is calculated as mean position over 
replicates subtracted from the true simulated position. 
It is apparent from the oscillating waves of bias in the 
estimated QTL position that the markers influence the 
results; this is confirmed in other plots for A = 10 and 
A = 25 (not shown). In fact the results produced 
contain two types of bias in the mapping procedure. 
The first bias is that of the markers, which can be seen 
by the oscillating waves in Fig. 6. The second type is 
caused by the symmetrical placement of type 1 errors 
(i.e. replicates that by chance contain a significant 








Fig. 7. The influence of markers alone on the positional mapping of QTL. Figure were produced by subtracting values 
in Fig. 6 for 101 markers from the equivalent point for 6 markers. 
QTL effect at a location other than that simulated), 
around the centre of the chromosome. This pushes the 
mean towards the centre (in this case 50 cM) because 
this would be the mean position if no QTL was 
simulated, assuming a uniform probability distri-
bution of positioning across the chromosome. This 
can be seen in Fig. 6, where marker effect is minimized 
by placing a marker at 1 cM intervals. 
The plot illustrates the general 'pull' towards the 
centre of the chromosome, the 'pull' being largest at 
the ends of the chromosome where the mapping 
procedure places the QTL, on average, approximately 
3 cM closer to the centre of the chromosome than the 
true position. Only the outer regions of the chromo-
some show a large bias; the majority of the chro-
mosome (11 cM to 86 cM) has only a small bias 
(<1 cM). Hyne et al. (1995), for a population of 300 
and a QTL with heritability of 10%, previously 
reported this bias due to the asymmetrical location of 
the QTL in an F 2 population. 
By subtracting the bias when A = 1 from the 
equivalent position when A = 20 it is possible to see 
the influence of the markers alone (Fig. 7). Removing 
the bias due to overall chromosomal position leaves 
the bias due to position in relation to markers. Fig. 7 
shows that each marker has an equal effect with the 
general trend being a pull towards the marker. Midway 
between markers the bias disappears, because the 
effect of each marker is equal. At other locations in 
the interval the bias depends on the position of the 
QTL in relation to the two flanking markers. Bias is 
largest one-quarter from the left marker (acting 
towards the left marker) and three-quarters from the 
left marker (acting towards the right marker). The 
bias is not large, however, never exceeding ± 15 cM. 
With this pull towards markers, as well as the 
tendency of type 1 errors to estimate QTL position on 
markers, a large number of bootstrap re-samples have 
best estimated positions at markers, so many con-
fidence intervals either start and/or finish at the 
location of a marker. Since intervals that start or 
finish at the location of the QTL are considered to 
contain the QTL, the method is conservative when the 
QTL lies at the same location as the marker. 
A selective bootstrap (selecting 'significant' rep-
licates) more relevant to actual practice was tested by 
removing all replicates with a maximum test statistic 
that did not exceed a threshold of 608. The threshold 
of 608 was set as the 95th percentile of the test 
statistic calculated for the single chromosome from 
1000000 simulated populations with no QTL present. 
The implementation of this threshold in the analysis 
removes 95 % of all type 1 errors. This would indicate 
whether type I errors were exclusively the cause of the 
conservative results when the QTL is at the marker. 
The results of the selective bootstrap showed only a 
small difference from the non-selected method (results 
not presented). Confidence intervals produced were 
smaller but still conservative when the QTL was 
located at a marker. When N = 200, A = 20, h 2 = Oi 
and d = 20 the 90% confidence interval was 28i cM 
when selecting replicates and 292 cM when no 
selection was used, but the probability of the interval 
containing the QTL did not change (0974 and 0970 
respectively). A double selective bootstrap (selecting 
replicates and then only significant bootstrap re-
samples exceeding the same threshold of 608) also 
failed to correct the situation at the site of the marker, 
although having an obvious effect at other locations. 
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Position on chromosome (cM) 
Fig. 8. N = 200, A = 20, h2 = Oi. The probability that a confidence interval contains a QTL at different simulated 
locations on the chromosome using the non-parametric bootstrap. Replicates and bootstrap resamples were both selected 
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Fig. 9. The probability that a 90% confidence interval contains (i) one QTL and (ii) both QTLs when two equally sized 
QTL (h2 = 005) are simulated varying distances apart symmetrically around the centre of the chromosome (N = 200, 
A = 20, 1000 replicates per point). 
marker but were anti-conservative in the outer interval 
(Fig. 8), i.e. in this example between 0 and 20 cM since 
A=20.  When N= 200, A=20,  h2 =0-1 and d= 20 
the 90% confidence interval was 26-3 cM and P = 
0963, but when d = 17 the size was 293 cM with P = 
0871. From this work it is apparent that the type 1 
errors are not the sole reason for conservative 
confidence intervals by the non-parametric bootstrap. 
The method used fitted only one QTL. In practice it 
is likely that the data would be analysed to see 
whether they supported the hypothesis for two or  
more QTLs present. If more than one QTL was 
detected, the progression of the method would be 
different from that applied in the methods used in this 
example. To examine the effect of a second QTL on 
the chromosome, two QTLs of equal size (h2 = 005 
each) were placed symmetrically around the centre of 
a 100 cM chromosome, different distances apart. 
These data were analysed with the same program as 
was previously used and results are summarized in 
Fig. 9. The confidence interval remained the same size 
as obtained for one QTL of combined effect when 
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both were within the same interval; but when in 
different intervals and as the QTLs moved further 
apart, the confidence interval increased in size. 
Confidence intervals were anti-conservative for either 
QTL when they were over 5 cM apart. It is clear that 
if, by chance, a second 'ghost' QTL (Martinez & 
Curnow, 1992) was simulated in some of the replicates 
it would be more likely to contribute to anti-
conservative confidence intervals. 
Since the mapping procedure is used twice in the 
parametric bootstrap, the bias is amplified. This 
causes the confidence intervals midway between two 
markers to be anti-conservative because best estimated 
positions have been placed closer to markers and 
away from the true position of the QTL. When the 
QTL lies at the same location as the marker, however, 
the mapping method places too many best estimates 
at the location of the marker. This causes the 
confidence interval to be conservative. There appears 
to be no simple correction that can be made to the 
results to remove the effects of the bias. Trying to 
develop the parametric bootstrap seems to be un-
necessary when the non-parametric bootstrap works 
satisfactorily in the majority of cases. 
In summary, the non-parametric bootstrap per-
formed well. Between markers the probability that a 
confidence interval contained the true QTL position 
was generally close to the expected value under all 
parameter combinations tested. Further to the work 
of Visscher et al. (1996), this study tests the non-
parametric bootstrap thoroughly and shows that 
results are conservative when a QTL is simulated on a 
marker. In practice this at least errs on the side of 
caution. The work goes further to show the parametric 
bootstrap has significant failings and no appreciable 
advantages over the non-parametric bootstrap. The 
bias caused by the positioning of markers has not 
been previously reported and when coupled with the 
bias from the asymmetrical positioning of the QTL on 
the chromosome (Hyne et al., 1995), contributes to 
error in the estimated position of the QTL. 
G.A.W. was funded by a studentship from the Bio-
technology and Biological Sciences Research Council. We 
also acknowledge support from the Ministry of Agriculture, 
Fisheries and Food and the European Union. 
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MAPPING OF QUANTITATIVE TRAIT LOCI ON CHROMOSOME 4 IN A LARGE 
WHITE X MIEISHAN PIG F2 POPULATION 
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SUMMARY 
A three generation cross between European Large White and Chinese Meishan pigs was 
established in order to study the genetic basis of differences between the two breeds for growth 
and fat traits. The individuals in the F 2 population were typed for seven markers on 
chromosome 4 spanning approximately 125cM. Evidence for areas of chromosome 4 affecting 
growth rate between weaning and end of test and mean fat depth calculated from measurements 
at the shoulder, mid-back and loin were found. 
Keywords: pig, QTL, fat, growth rate. 
INTRODUCTION 
The use of genetic markers to identify regions of the genome associated with quantitative traits 
(QTLs) is now widespread. Initial studies tended to focus on populations derived by crossing 
inbred lines of plants or experimental organisms. Outbred populations, commonly found in 
livestock, pose problems because both markers and QTLs may be segregating within lines. 
The experimental scheme adopted has depended upon the aims of the study and the breeding 
structure of the particular industry. One alternative has been the crossing of two breeds or lines 
for experimental purposes that differ significantly for a number of traits or have been 
divergently selected for a large number of generations. In such lines many of the QTLs of 
large effect may be at or close to fixation and markers may be highly informative. The first 
such study to be reported in livestock was that of Andersson et al. (1994) using a cross between 
wild boar and Large White pigs. In that study the largest effects found were influencing 
growth rate and fatness and were located on chromosome 4. 
This experiment was created to determine genotypic differences between the Chinese Meishan, 
a pig of high prolificacy but considered too fat for the Western market, and the European Large 
White, which are comparatively lean. One question of both scientific and practical interest is 
whether the same QTLs are segregating in this cross as in the wild boar x Large White cross, 
and this initial study was designed to investigate this question. 
MATERIALS AND METHODS 
Mapping Population: Four European Large White were crossed with four Chinese Meishan 
pigs. Each breed was equally represented in the boars and sows. From the F, offspring 7 boars 
were mated to 22 sows producing 414 offspring in 43 families. Cross fostering occurred where 
necessary and animals were weaned in families. Animals went on test at a set weight in pens 
of 4 and came off test at an average pen weight. Ultrasonic fat measurements at shoulder, mid-
back and loin were recorded on 401 of the 414 pigs. Traits analysed were birth weight (BW) 
and weaning weight (WW), growth rate to weaning (GRW), start of test (GRS) and end of test 
(GRE), growth rate from weaning to start (GRWS) and end of test (GRWE), growth rate on 
test (GROT). Fat depths at shoulder (BFS), mid-back (BFM), loin (BFL) were analysed as 
well as a mean fat depth (MF) over the 3 positions. 
Map Construction: Linkage maps were constructed using Cr1-map (Green et al. 1990). 
Patterns of non-inheritance were corrected when the genotype could be deduced from 
Mendelian laws of inheritance or set to unknown when no assumptions could be made. 
Families with more than 2 double crossovers around any one marker were set to unknown for 
that marker. The maps were compared to those from similar studies (Archibald et al. 1995, 
Marklund et al. 1996, Rohrer etal. 1996) to confirm correct order and marker distances. 
Statistics: The analytical methods and approach developed by Haley et al. (1994) were used. 
In the first part of the analysis the probability of QTL genotypes is calculated conditional on 
the marker genotypes for each individual. Secondly these values are used to investigate the 
genetic model for the trait using a least squares method. 
The expected value of the offspring can be written as a linear model in terms of additive and 
dominance contributions for the QTL: 
Yi = p + Caja  + ca1d 
Where p is the mean, a the additive and d the dominance effect of the QTL Caj and cth are the 
expected additive and dominance levels of expression of the QTL on an individual i at a given 
location respectively. This equation simply expands to incorporate fixed effects and covariates 
into the model. Analyses of all traits included family as a fixed effect whereas sex had only a 
significant effect on fatness traits and was therefore not fitted in the model for growth rate. 
The model for fatness traits fitted birth weight and weaning weight as covariates, these were 
only fitted for growth rate traits after weaning. 
Thresholds: Genome wide suggestive and significant thresholds were set by the Churchill and 
Doerge (1994) permutation test. Information is currently unavailable for all chromosomes, so 
a chromosomal threshold was set and the estimated genome threshold calculated from the data 
assuming all chromosomes create equivalent results to chromosome 4 and have an equal 
chance of having the best estimated position. 
RESULTS AND DISCUSSION 
The linkage map developed in this population is presented in figure 1. This map is in 
reasonable agreement with other studies. There was evidence of significant differences in the 
linkage map between the two sexes. For this preliminary study, however, a sex-averaged map 
was used. 
Two traits, growth rate between weaning and end of test (GRWE) and mean fat depth (MF) 
showed evidence for a QTL. Evidence for the growth rate QTL was also present in other 
periods that overlapped weaning-end of test (weaning to start of test (GRWS) and growth rate 
on test (GROT)). These results are summarised in Table 1. Distributions of the F-ratio across 
the chromosome for GRWE and MF are presented in Figure 2 with the information content of 
the markers along the chromosome. 
The 5% chromosomal thresholds were 5.2 
and 5.1 for GRWE and MF respectively. 
These results gave estimated genome 
thresholds of 9.1 and 9.0. The QTL for 
GRWE has an additive effect of 42.4g/day 
and no significant dominance effect. This 
equates to a heritability of approximately 
9.8% in the F2 population, with the best 
estimated position being at the position of 
marker S0217. The QTL for MF has an 
additive effect of 1.63mm and again, no 
significant dominance effect. This has a 
heritability of 4.9% and the best-estimated 
position of the QTL at 76cM from the 
marker at the left end of the chromosome. 
This is between markers S0073 and S0214. 
Table 1. F ratios and best positions for 
all traits 
Trait F ratio Best position (cM) 
BW 1.68 0 
WW 3.49 71 
GRW 2.79 71 
GRS 9.22 43 
GRE 16.92 64 
GRWS 13.57 39 
GRWE 19.86 65 
GROT 13.06 65 
BFS 5.57 76 
BFM 7.83 77 
BFL 5.45 75 


















Figure 1. From left to right: Cytogenetic map, sex averaged, female and male linkage 
map for markers used on chromosome 4 
On a chromosomal level the null hypothesis, that there was no QTL, would be rejected for both 
GRWE and MF. However, at a genome level the QTL for MF may be discarded as the F-ratio 
at the best-estimated position is possibly lower than the threshold. Given the prior knowledge 
that other studies have found significant effects in this region of the genome (Andersson et al. 
1994, Knott et al. 1997) it is reasonable to assume that the effect is real and not due to chance. 
This study obtained data from a wild boar x Large White cross and found the effect to be larger 
when analysing back fat data (2.3mm in Andersson et al. 1994 and 2.03 mm in Knott et al. 
1997). The previous study also reported a QTL for growth rate in the same region of 
chromosome 4 which had an additive effect for growth rate to 70kg of 23.5g/day (Andersson et 
al. 1994) and 14.6g/day (Knott et al. 1997). Therefore it is a strong possibility that the same 
QTL is being found in both populations and joint analyses should be pursued to explore this 
possibility. 
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Figure 2. Information content of single markers (shaded points) and using information 
from all markers (solid line). Test statistics for growth rate between weaning and start of 
test (solid line with individual points) and mean fat depth (broken line). 
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Mapping genes for growth rate and fatness in a Large White x Meishan F2 pig population 
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Introduction DNA-based markers and genetic maps of major livestock species have been developed in the last few 
years. These, together with experimental populations and appropriate statistical methods, provide the tools to dissect 
causes of economically important genetic variation in livestock. A cross between genetically diverse lines is a 
powerful experimental design for such a study. In an F 2 or backcross population from such a cross, markers are likely 
to be highly informative and the genes that control the differences between the lines will be segregating. We have 
been developing such a resource population based on a cross between the British Large White and Chinese Meishan 
pigs. These breeds differ for many traits, with the Meishan being inferior for growth rate and fatness, but superior for 
reproduction traits. Here we report the mapping of major genetic effects on growth rate and fatness in our cross. 
Materials and methods A population of 390 F2 animals was developed from a cross between four Chinese 
Meishan and four Large White pigs (two animals of each sex in each breed). DNA samples were collected from the 
founder animals and from the F, and F 2 cross animals. The F 2 animals were performance tested in pens of four 
animals between pen average target weights of 30 kg and 85kg. Animals were fed ad libitum on a commercial 
grower ration and weighed individually at the start and end of test. Fat depths were recorded ultrasonically on the 
live animal at the end of test at the shoulder, midback and loin position. Traits analysed were birth weight (BW), 
growth rate to weaning (GRW), growth rate from weaning to start of test (GRWS), growth rate on test (GROT) and 
fat depths at shoulder, midback and loin (FS, FM and FL, respectively). In the process of a complete genome scan, 
the animals were typed for 13 microsatellite markers covering chromosomes 4 and 7. These chromosomes had been 
previously implicated in the genetic control of variation for growth and fatness in other populations. The data were 
analysed using a least squares interval mapping method developed for data from outbred line crosses (Haley et al., 
1994). With this method, a test statistic (an F-ratio) is computed to test for the presence of a gene at each position on 
a chromosome. The highest test statistic on a chromosome provides an estimate of the most likely position of a gene. 
Permutation analysis shows that the genome wide 5% significance threshold is exceeded by F-ratios greater than 9. 
Results Effects significant at the genome wide level were detected for FM and FL on chromosome 4 and for 
GRWS, GROT and FM on chromosome 7 (Table 1). Estimates of the breed difference (Large White - Meishan) 
explained by the mapped loci are obtained as twice the additive effect given in Table 1. Thus the loci on 
chromosome 4 contribute to the slow growth and increased fatness of the Meishan. Meishan alleles from the loci on 
chromosome 7, however, decrease fatness substantially. 
Table 1 Mapped effects and their positions on chromosomes 4 and 7 
Trait F-Ratio cM 
Chromosome 4 
Additive Dominance F-Ratio 
Chromosome 7 
cm 	Additive Dominance 
BW(g) 2.7 107 5±17 59±26 7.0 130 -25±18 100±29 
GRW (g/day) 2.4 10 8 1.3± 3.1 9 .8±4.5 1.8 0 5.4±3.8 9.0±6.3 
GRWS (g/day) 13.6 42 23.5±4.8 13.8±6.9 1.6 136 5.5±5.5 14.7±9.7 
GROT(g/day) 14.9 69 51.9±9.5 10.3±13.5 2.5 145 17.5±9.8 21.6±16.2 
FS (mm) 6.6 81 -1.8±0.5 0.4±0.7 6.2 58 2.7±1.1 -8.8±3.5 
FM (mm) 10.0 82 -1.8±0.4 0.2±0.6 10.3 105 1.8±0.4 --------- 1- .4±0.7 
FL(mm) 4.2 79 -1.2±0.4 -0.1±0.5 15.2 71 3.2±0.7 -6.1±1.8 
Conclusions The results so far have demonstrated the power of the diverse Meishan x Large White cross for the 
detection of genes of economically significant effect. The effects on chromosome 4 are very similar in position and 
effect to those previously identified in a wild boar x Large White population (Andersson et al., 1994), suggesting the 
involvement of the same gene or genes. Both of these regions are likely to be a cause of variation in commercial 
Meishan composite populations and hence marker assisted selection could be employed to improve such lines. The 
mapping of alleles for leanness in this cross shows that apparently less advanced breeds can contribute valuable 
genetic variation to commercial populations. 
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Summary 
A F2 population derived from a cross between 
European Large White and Chinese Meishan 
pigs was established in order to study the 
genetic basis of breed differences for growth 
and fat traits. Chromosome 4 was chosen for 
initial study as previous work had revealed 
quantitative trait loci (QTLs) on this chromo-
some affected growth and fat traits in a Wild 
Boar x Large White cross. Individuals in the F 2 
population were typed for nine markers span-
ning a region of approximately 124 CM. We 
found evidence for QTL5 affecting growth 
between weaning and the end of test (additive 
effect: 43•4 g/day) and fat depth measured in the 
mid-back position (additive effect: 182 mm). 
There was no evidence of interactions between 
the QTLs and sex, grandparents or F 1 sires, 
suggesting that the detected QTL5 were fixed for 
alternative alleles in the Meishan and Large 
White breeds. Comparison of locations suggests 
that these QTLs could be the same as those 
found in the Wild Boar x Large White Cross. 
Keywords: fat, growth, pig, quantitative trait loci 
Introduction 
The use of genetic markers is now widespread 
and marker technology is both accessible and 
adaptable to many applications. One applica-
tion of markers is the mapping of quantitative 
trait loci (QTLs). Most studies in experimental 
organisms use populations derived from inbred 
lines. QTL mapping in livestock is more 
challenging because most populations are 
outbred and so both markers and QTLs can be 
segregating within lines. This problem can be 
reduced by the creation of an experimental 
population based on a cross between lines or 
breeds that differ markedly for one or more traits 
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of interest. In this case it may be reasonable to 
assume that the two lines are fixed for alter-
native alleles at major QTLs which simplifies 
the analysis. 
Of the livestock species the pig has several 
advantages for QTL mapping studies. Diverse, 
viable breeds exist, three generation pedigrees 
can be produced relatively quickly and the 
genetic map of the porcine genome is relatively 
well developed (Archibald et a]. 1995; Mark-
lund et a]. 1996; Rohrer et a]. 1996). A cross 
between breeds differing significantly for fat 
depth and growth rate Can detect QTLs affecting 
these traits. Given the high economic weight-
ings of these traits such findings are of great 
interest to the pig industry. 
The first genome scan in pigs for QTLs used a 
Wild Boar x Large White cross (Andersson et al. 
1994) and revealed significant effects of QTLs 
on growth from birth to 70 kg, length of small 
intestine, average back fat depth and abdominal 
fat percentage. The QTLs with the largest effects 
were all on porcine chromosome 4. This 
population has been examined further with 
additional markers, confirming these effects 
(Knott et a]. 1998). It is both of scientific and 
commercial interest to know whether similar 
effects can be found in other breed crosses or 
within breeds of commercial populations. Iden-
tifying economically important regions of the 
genome segregating within commercial breed-
ing populations would provide criteria for 
selection to fix beneficial alleles. Introgression 
of genes from other breeds provides a source of 
potential breed or line improvement. 
The Chinese Meishan breed is genetically 
distant from European breeds and is known to 
benefit from a significantly higher litter size 
(Haley et a]. 1995) in comparison to European 
commercial breeds but grows more slowly and 
is substantially fatter (Haley et a]. 1992). Com-
posite breeds containing genes from Meishan 
and European breeds are already being devel-
oped for commercial use and so detection of 
QTLs for traits of commercial value would 
allow marker-assisted selection in these Compo-
sites. 
We have established an F 2 population to 
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determine whether the QTLs detected in the 
Wild Boar study are segregating in a 
Meishan x Large White cross. We report here 
our initial study of QTLs, focusing on chromo-
some 4. 
Materials and methods 
Animals 
The UK population of Meishan pigs were 
derived from the importation of 11 males and 
21 females from the Jiadan county pedigree on 
the Lou Tang research farm in China in 1987 
(Haley et al. 1992). The Large White pigs used 
were from a British control population, derived 
from a broad sample of genotypes in 1982. All 
animals in this population were screened to 
ensure absence of the halothane gene (Cameron 
et al. 1988). 
Genotyping 
DNA was prepared by standard procedures from 
spleen tissue that was collected at slaughter and 
stored at —70 °C. 
Polymorphic microsatellite markers were 
selected for genotyping on the basis of their 
map positions on porcine chromosome 4 
(Archibald et a]. 1995; Marklund et a]. 1996; 
Rohrer et al. 1996) and on the genotypes of the 
grandparental pigs, which are part of the 
PiGMaP reference pedigrees (Archibald et a]. 
1995). A description of the markers can be 
found in Table 1. The published PCR condi-
tions were modified as necessary to optimise 
performance in our laboratory. Each marker was 
subjected to PCR amplification separately. PCR 
products were pooled as appropriate and loaded 
onto an ABI 373 fluorescent DNA fragment 
analyser (PE Biosystems, Foster City, CA, USA). 
Data were interpreted and alleles called using 
ABI Genescan 2 TM  and Genotyper 1TM  software 
(PE Biosystems). The genotypes were trans-
ferred to the project database, prior to map 
construction and QTL analysis. 
Experimental design 
Two Large White boars were crossed with twc 
Meishan sows. Reciprocally, two Meishan boars 
were crossed with two Large White sows, all F 
animals were unrelated. From the F 1 offspring, 
seven boars were mated to 25 sows from a 
different grandparental pairing producing F 2 
offspring in 43 full-sib families. Each F 1 sow 
had up to two litters of F2 pigs. Animals were 
individually weighed at birth and the number 
of teats was recorded. Limited cross fostering 
from the largest litters was used to reduce 
variation in litter size and animals were weaned 
between 4 and 5 weeks of age. All animals were 
weighed individually at weaning. Animals were 
performance tested in pens of four over a fixed 
weight range with a target start weight of 30 kg 
and finished at a target pen weight of 320 kg. 
All pigs were fed ad-libitum on standard 
commercial growth rations. At the end of test, 
ultrasonic measurements of back fat depth were 
taken at the shoulder, mid back and the loin 
(the criteria for recording these measurements 
uses the same method as Haley et a]. 1992). All 
fat measurements were taken on farm and re-
examined from videotape to confirm measure-
ments. Animals without a full test record were 
discarded from the analysis. Traits analysed 
and their abbreviations are summarised in 
Table 2. 
Phenotypic data 
The means and SDs for birth weight (BWT) 
and weaning weight (WWT) in Table 2 are 
similar to many studies including those 
involving only European Large White pigs, 
e.g. Kerr & Cameron (1995). Growth traits were 
lower and fat traits higher in the F 2 popula-
tion in comparison to commercial Large White 
populations but similar to those from studies 
using Wild Boar (Knott et a]. 1998) and 
Meishan (Haley et a]. 1992) crossbreds. Simi-
lar means to other Meishan crosses (Haley 
et al. 1992) were found for growth rate to 
Table 1. Markers, their source, dyes and observed fragment lengths used in this study 
Marker 	 Reference 
	
Dye 
	 Observed size range (bp) 
S0227 Robic et al. (1994) HEX 231-257 
S0301 Høyheim et al. (1994) FAM 252-263 
S0001 Fredhoim et al. (1993) FAM 178-190 
S0023 Coppieters et al. (1993) TET 80-105 
S0217 Robic et al. (1994) FAM 246-258 
S0073 Fredhoim et al. (1993) FAM 107-119 
S0214 Robic et al. (1995) HEX 125-138 
SW445 Rohrer et al. (1994) FAM 192-202 
S0097 Ellegren et a]. (1993) TET 220-244 
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QTL mapping on 
porcine chromosome Trait 
Abbreviation Mean SD 
4 Birth weight (kg) BWT 125 025 
Weaning weight (kg) WWT 824 186 
Growth rate: birth-weaning (g/day) GRW 2540 513 
Growth rate: birth-start of test (g/day) GRS 3752 506 
Growth rate: birth-end of test (g/day) GRE 4818 800 
Growth rate: weaning-start of test (g/day) GRWS 4604 801 
Growth rate: weaning-end of test (g/day) GRWE 5369 1008 
Growth rate: on test (g/day) GROT 5811 1376 
Fat depth, shoulder (mm) BFS 334 830 
Fat depth, mid back (mm) BFM 193 691 
Fat depth, loin (mm) BFL 208 678 
Mean fat depth (mm) MF 24•5 684 
Teat number TN 151 113 
weaning (GRW), growth rate from weaning to 
start of test (GRWS) and growth rate on test 
(GROT). Means for fat depth at shoulder 
(BFS), mid back (BFM) and loin (BFL) were 
generally higher in this study than those 
published in Haley et al. (1992). However, 
measurements of fat traits can vary between 
data analysts due to the layering of the fat and 
the higher means could be due to this 
subjective variation. The data for teat number 
(TN) are in agreement with Haley et al. 
(1995). 
Map construction 
Marker genotypes that were inconsistent with 
the pedigree were checked. In the few cases 
where the genotyping inconsistency could not 
be resolved, the genotype was set to unknown. 
F2 individuals with >2 non-inheritance errors 
were removed from the analysis. Overall 41% 
of all genotypes were recorded as unknown. 
This percentage also includes missing data. 
Once genotypes had been obtained for >90% 
of the F 2 pigs, the marker was considered 
complete. Linkage maps were produced using 
the BUILD option in Cri-Map (Green et al. 
1990). The CHROMPIC option was used to 
provide a list of all double recombinants. 
Parents from families with two or more double 
recombinants for any marker were re-examined. 
The completed sex-averaged map used nine 
markers spanning 124 CM and was compared 
with previous studies (Archibald et al. 1995; 
Marklund eta]. 1996; Rohrer eta]. 1996) to 
confirm marker order and distance. 
Information content 
Information content was calculated for indivi- 
dual markers and using all available informa- 
tion. Information content quantifies the 
amount of information that is available for 
deriving the QTL genotype at a location on the 
chromosome. Details on the calculation of 
information content are given in Knott et a]. 
(1998). 
Statistical analysis 
The statistical approach adopted was developed 
by Haley et al. (1994). The analysis carried out 
works in two stages; firstly, the probability of 
the F2 offspring being each of the four possible 
QTL genotypes is calculated conditional upon 
the marker genotypes. Secondly, these probabil-
ities are then used in a least squares framework 
to investigate the genetic model underlying the 
trait of interest. - 
The expected value of the offspring can be 
written as a linear model in terms of additive 
and dominance contributions for the QTL: 
yi = + c01a + cdld + e; where i. is the mean, 
a the additive effect of the QTL, d the 
dominance effect of the QTL, cal, cdl and e1 are 
the expected additive, dominance and residual 
error levels of expression of the QTL on an 
individual i at a given location, respectively. 
This equation can he easily expanded to 
incorporate both fixed effects and covariates 
into the model. 
The model used for analysis of all traits 
included fixed effects of family and sex. The 
model for WWT included BWT as a covariate. 
Models for fatness traits included covariates of 
age and weight at end of test. Models for growth 
traits included the weight at start of period (e.g. 
the model for GROT included weight at start of 
test) as a covariate. 
Thresholds 
Chromosomal and suggestive (Lander & Kru- 
glyak 1995) significance thresholds were set by 
© 1998 International Society for Animal Genetics, Animal Genetics 29, 415-424 
418 
Walling, Archibald, 
Gattermole et al. 
the Churchill & Doerge (1994) permutation test 
of the chromosome 4 data. The Bonferoni 
correction was used to calculate a genome 
wide threshold from the chromosomal Church-
ill & Doerge (1994) permutation test. The 5% 
genome threshold was calculated as the (5/ 
19) = 0263% chromosomal threshold to 
account for the 17 other autosomes and X-
chromosome (5% threshold over 19 chromo-
somes). This assumes 19 independent chromo-
somes each having an equal probability of 
producing a type 1 error. 
Alternative genetic models 
Initially, the chromosome was searched every 
centimorgan by regressing the phenotypes onto 
the coefficients of a and d. At each location an 
F-ratio was calculated comparing the model that 
included a QTL to the equivalent model with no 
QTL. Estimates for a and d were calculated at 
the best estimated position on the chromosome 
as determined by the position with the highest 
F-ratio. The test statistic was therefore an F-ratio 
with 2 d.f. in the numerator. 
If the F-ratio in the initial analysis exceeded 
the threshold, we tested for a QTL x sex inter-
action to investigate whether the effect differed 
between the two sexes. In order to look for 
evidence that a QTL was segregating in one or 
other of the purebred lines, we also included a 
series of analyses looking for interactions 
between the QTL effect and family. First, 
interactions were tested with combinations of 
grandparents to test whether the QTL effect 
varied dependant upon grandparental origin. 
There were four pairs of grandparents (each pair 
being one Meishan and one Large White animal) 
and hence there were six possible combinations 
of grandparents (as F 1 animals were not mated 
to full-sibs). Thus, in the interaction analysis a 
separate QTL effect was estimated for each of 
these six possible combinations. Second, an 
interaction was also fitted with the seven F 1 
sires in order to determine whether the QTL 
effect differed in F 2 families according to their 
sire. The interaction models were tested against 
the equivalent model with no QTL and the 
model with a QTL but no interaction. 
A trait showing evidence for a single QTL was 
also tested for the presence of two QTLs. The 
two QTL model fits two QTLs by fixing one of 
the QTLs and searching at 5 CM intervals along 
the chromosome before moving the fixed QTL to 
the next location (also spaced at 5 CM). This 
model was also tested by F-ratio against a model 




The linkage map developed from the F 2 popula-
tion is presented in Fig. 1. The map is in close 
agreement with other studies (Archibald et al. 
1995; Marldund et al. 1996; Rohrer et a]. 1996). 
There was a significant difference between the 
maps of the two sexes (X82 = 1055), with the 
female linkage map being significantly longer. 
The QTL analyses used the sex-averaged map. 
The information content along the chromosome 
and of individual markers is presented in Fig. 2. 
Markers were evenly spaced throughout the 
chromosome maintaining the information con-
tent above 06. Markers S0214 and S0023 were 
relatively low in information content because 
they had a relatively high frequency of shared 
alleles between breeds. 
Thresholds 
The 5% genome-wide significant and suggestive 
thresholds were similar for all traits. All traits 
gave genome significance thresholds between 
85 and 91 and suggestive thresholds between 
50 and 52. These results are in agreement with 
Knott et a]. (1998), who performed their permu-
tation analysis using data from an entire genome 
scan. 
One QTL model 
The results for the one QTL search for all traits 
are summarised in Table 3. The analyses of data 
showed significant evidence for QTLs affecting 
several traits; these were GRS, GRE, GRWS, 
GRWE, GROT and BFM. The analyses of data for 
BFS and MF showed suggestive evidence for a 
QTL. Given that many of the growth periods 
overlap, some of these traits were correlated. 
However, the analyses of the two non-over-
lapping periods (GRWS and GROT) both indi-
cated QTLs, although in slightly different 
positions (42 and 69 CM) on chromosome 4. 
This result could be the same QTL acting from 
weaning to the end of test or two different QTLs 
acting at different stages of growth. Graphs of 
the F-ratio along chromosome 4 for GRWS, 
GRWE, GROT and BFM are presented in Fig. 3. 
Two QTL model 
Results for the two QTL analyses are presented 
in Table 4. Two of the traits fit a two QTL model 
significantly better than the one QTL model at 
the nominal 5% significance level. The analyses 
for BFM place two QTLs very close together 
© 1998 International Society for Animal Genetics, Animal Genetics 29, 415-424 
pl.5 fl S8227 
p1.4 













QTL mapping on 
porcine chromosome 
4 
with the same effects of similar size, but of 
opposite signs. The work of Whittaker et al. 
(1996) demonstrated that it was impossible to 
locate two QTLs within an interval, because 
four parameters (additive and dominance 
effects for two QTLs) are estimated from two 
regression coefficients on markers. There is a set 
of solutions that satisfy the relevant equations 
(Whittaker et al. 1996) but this result produces 
unfeasibly large and opposite estimates of the 
genetic effects and is clearly untenable. The two 
QTL analyses for GRWS fits two QTLs at 40 and 
115 CM. A two QTL search at 1 CM intervals 
along the chromosome for GRWE (results not 
presented) fit the two QTL model significantly 
better than the one QTL model at the 5% 
significance level placing QTL5 at 42 and 
69 CM. These results correspond to the double 
peak in Fig. 3 for GRWE and would also explain 
the positional difference between the one QTL 
model for GRWS and GROT. 
Results for the interaction analyses are pre-
sented in Table 5. Several traits showed sig-
nificant interactions when the best model with 
an interaction was compared with best model 
without an interaction regardless of the relative  
positions of the QTLs in the two models. When 
the models were compared at a fixed position of 
the best model with no interaction no traits 
showed significant evidence for an interaction 
(results not shown). 
Discussion 
In this study we detected QTLs with major 
effects on growth rate and subcutaneous fat 
depths on chromosome 4. It is of great interest to 
know if these QTLs are the same as those 
detected by Andersson et a]. (1994). In Fig. 4 we 
compare the approximate confidence intervals 
for both growth rate and fat depth QTLs from 
this study with those from the Wild Boar cross 
population. Alignment of the maps is approx-
imate because as only three markers (indicated 
on the map) were common to both studies. 
Comparisons between studies have to be treated 
carefully with caution as traits are measured 
differently in each study. The QTL in the Wild 
Boar population for back fat was reported to 
have an additive effect of 23 (Andersson et a]. 
1994) and 2•0 mm (Knott et al. 1998) when fat 
measurements of fat depth were taken at 
Fig. 1. Chromosome 4 maps: (from left to right) cytogenetic map (Marklund et a]. 1993; Høyheim et al. 1994; Robic et al. 1995), sex averaged, 
female and male linkage map for markers used on chromosome 4. The map display was developed using the Anubis map viewer (Mungall 
1996; http://www.ri.bbsrc.ac.uk/genome_mapping).  
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421 	 Table 3. Best estimated positions and effects from fitting one QTL 
QTL mapping on 	 -- - 
porcine chromosome 	 Location 	Additive 	 Dominance 
Trait 	Covariates 	 F-Ratio 	(CM) 	 (SE) 	 (SE) 
4 
BWT 	 172 124 	 57 (17) 	 59-0(25-6) 
WWT BWT 	 247 76 —32 (8 8) 2856 (129 7) 
GRW 	 243 108 	 —133 (305) 	 984 (449) 
GRS 101 43 122 (32) 123 (47) 
GRE 	 182 68 	 337 (56) 	 88 (80) 
GRWS WWT 	 136 42 236 (48) 138 (69) 
GRWE 	WWT 202 69 	 434 (6 8) 	 7•7 (9•7) 
GROT Start weight 	148 69 519 (9 5) 103 (13.5) 
BFS 	 Age at end 66 81 	 —179 (051) 	 0-36(0 70) 
End weight 
BFM 	Age at end 	100 82 	 —182 (041) 	 016 (0 57) 
End weight 
BFL 	 Age at end 	 42 79 	 —1.17 (0.40) 	 —010 (0 54) 
End weight 
MF 	 Age at end 	 85 81 	 —159 (0.39) 	 0-16(0-54) 
End weight 
TN 	 421 57 	 —029 (0.09) 	 0 - 00(0 - 14) 
Fixed effects of sex and family were fitted for all traits. Additive and dominance effects for the Large White alleles. 
BWT and WWT both in kg, all growth rate traits given in g/day and fatness traits in mm. 
with an additive effect of 236 g/day and the QTLs. Of the traits examined (see Table 4), none 
other acting between start and end of test with fit a two QTL model better than the one QTL 
an 	effect of 51•9 g/day. 	However, 	the 	5% model below a 2% nominal significance level. 
nominal significance threshold is probably too The rigid genome threshold attached to the one 
relaxed because multiple tests were performed QTL search of an F-ratio of 9 is equivalent to a 
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Fig. 3. Test statistic (F-ratio) of four significant traits across porcine chromosome 4. The genome-wide significance threshold of 9 is marked 
(horizontal dotted line). 
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Table 4. Results from fitting a two QTL model at 5 CM intervals on traits showing significant results for one QTL 
Trait 
F-Ratio 
vs. 0 QTL vs. 1 QTL 
P-Value 





GRS 597 181 017 40 121 (38) 106 (5.0) 
80 12 (39) 9-4(4-8) 
GRE 1035 248 009 45 178 (7.7) 42 (96) 
70 214 (77) 79 (9 3) 
GRWS 848 324 003 40 214 (51) 149 (6•5) 
115 14-7(6-5) 192 (11.7) 
GRWE 1143 272 007 45 23 2 (9 5) 38 (11.9) 
70 278 (95) 6-7(11-4) 
GROT 776 088 042 45 186 (13.3) —6-0(16-7) 
70 397 (13.2) 140 (15.9) 
BFM 687 393 002 85 —107 (3.6) 5-6(4 1) 
90 100 (3.9) —6-9(5-0) 
Units for the additive and dominance effects are as Table 3 
of the two QTL model to fit the data better than 
the one QTL model below a 2% significance 
suggests these data alone do not carry sufficient 
evidence for two QTLs and further data are 
needed to explore this possibility. 
These results support the hypothesis that the 
QTLs for fat depth and growth rate identified in 
this study are the same as those identified in the 
Wild Boar x Large White cross. Furthermore, 
the alleles segregating appear to have similar 
effects in the two crosses. 
The absence of any significant interactions 
between the QTL and the grandparental combi-
nations or F 1 sires suggests that the detected 
QTLs are fixed for alternative alleles in the 
Meishan and Large White founders. Although 
the number of founders is very limited, the 
Meishan and the Wild Boar may be fixed for the 
same alleles and the Large White is fixed for an 
alternative (and presumably more recently 
derived) allele. It will be very interesting to 
see if there is evidence, for genetic variation in 
this region affecting growth rate and fatness in 
Western commercial breeds of pigs. 
The results reported here potentially allow 
for direct exploitation of these chromosome 4 
QTLs in composite lines of pigs containing 
genes from Meishan and Western breeds. In 
addition, these results provide further impetus 
for studies of this region in other crosses and 
within breeds, which could lead to further 
opportunities for marker-assisted selection. 
Finally, the identification of these effects in a 
second cross provides a valuable resource to 
Table 5. Results from fitting interactions with sex, combinations of grandparents and F1 sires compared to the 
model with one QTL with no interaction on traits with significant results for one QTL 
Trait Interaction 
F-Ratio vs. 1 QTL 
with no interaction P-Value 
GRS Sex 181 017 
GP combinations 061 032 
F1 sire 081 064 
GRE Sex 002 098 
GP combinations 145 016 
F, sire 198 003 
GRWS Sex 064 053 
GP combinations 121 028 
F1 sire 163 008 
GRWE Sex 030 074 
GP combinations 170 008 
F1 sire 241 001 
GROT Sex 037 069 
GP combinations 198 003 
F1 sire 240 001 
BFM Sex 063 053 
GP combinations 116 032 
F, sire 112 034 
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Fig. 4. Comparison of confidence intervals for growth and fat QTLs on porcine chromosome 4. Thick line is a one LOD drop (Lander & 
Botstein 1989), thin line a two LOD drop. Knott at al. (1998) produced 95% confidence interval using a bootstrap method (Visscher at al. 
1996). 
aid attempts to identify the genes responsible 
for these effects. 
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Introduction The use of genetic markers to identify regions of the genome associated with variation in quantitative 
traits (QTL) is now widespread. Several studies have attempted to find QTLs for growth and fatness in pigs. Since the 
first published study (Andersson et al., 1994) many groups have found effects on chromosome 4, albeit with different 
breeds. In theory, joint analysis offers considerable potential to extract additional information from the data. This 
study aims to investigate the benefits and drawbacks of joint analysis. 
Materials and methods Data on birth weight (BWT), growth rate to end of test or slaughter (GRE) and average 
backfat depth (BF) were supplied from seven different pig populations in six countries. The data from Scotland, 
France, USA, Netherlands and half of the data from Germany were Meishan (MS) x commercial F 2 populations. Data 
from Sweden and the remaining German data were from wild boar (WB) x commercial F 2 populations. A total of 31 
different markers were used, all on chromosome 4. Markers differed between populations, but all populations had 
markers shared with at least one other population. Trait data were standardised within population to have a variance of 
one. Analyses used a least squares interval mapping method developed for outbred line crosses (Haley et al., 1994). 
Populations were initially analysed individually and then jointly. Joint analyses assumed that the QTL effect was the 
same in all populations. A subsequent analysis tested the validity of this assumption by testing for differences between 
populations in the QTL effect. The genome wide 5% significance threshold was calculated from permutation analysis. 
Results Only the French population had evidence for a significant effect on birth weight (P<0.05). Despite this the 
joint analysis showed a significant (P<0.05) overall effect with no evidence for differences between populations. The 
analysis of three of the individual populations showed an effect on backfat depth. This effect was highly significant in 
the joint analysis (P<0.00 1) and there was a different effect in MS vs. WB populations (P<0.05), with the effect larger 
in WB populations. All populations provided some evidence for an effect on growth rate and the joint analysis showed 
a highly significant effect (P<0.001) with no significant difference between populations. The results are summarised in 
Table 1. 
Table 1 Summary of tests of models and estimates of QTL position and effect 
Trait BWT BF GRE 
Joint Analysis Significance of effect (P) <0.05 <0.001 <0.001 
Map position (cM) 85 86 81 
Mean of estimated additive effect 27g -1.1mm 16.8g/day 
Mean se. of estimates 6.4 0.15 1.90 
Test of Breed Significance of breed difference (P) >0.05 <0.01 >0.05 
Differences Mean of estimated additive effect: MS studies 28g -0.9mm 18.3g/day 
Mean s.e. of estimates 6.7 0.17 2.28 
Mean of estimated additive effect: WB studies 17g -2.0mm 14.2g/day 
- Mean s.e.of estimates 17.9 0.36 3.91 
Conclusions The analyses of the combined data are the largest QTL scans performed in livestock populations. The 
results demonstrate the benefits of joint analyses. Smaller populations, from which only limited conclusions can be 
drawn, provide important information for the joint analyses. In both cases (backfat depth and growth) the beneficial 
alleles (low backfat depth, high growth) were from a Western commercial origin with the undesirable effects always 
associated with the Meishan and wild boar breeds. 
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